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Abstract

:

West African savannas are experiencing rapid land cover change that threatens biodiversity and affects ecosystem productivity through the loss of habitat and biomass, and carbon emissions into the atmosphere exacerbating climate change effects. Therefore, reducing carbon emissions from deforestation and forest degradation in these areas is critical in the efforts to combat climate change. For such restorative actions to be successful, they must be grounded on a clear knowledge of the extent to which climate change affects carbon storage in soil and biomass according to different land uses. The current study was undertaken in semi-arid savannas in Dano, southwestern Burkina Faso, with the threefold objective of: (i) identifying the main land use and land cover categories (LULCc) in a watershed; (ii) assessing the carbon stocks (biomass and soil) in the selected LULCc; and (iii) predicting the effects of climate change on the spatial distribution of the carbon stock. Dendrometric data (Diameter at Breast Height (DBH) and height) of woody species and soil samples were measured and collected, respectively, in 43 plots, each measuring 50 × 20 m. Tree biomass carbon stocks were calculated using allometric equations while soil organic carbon (SOC) stocks were measured at two depths (0–20 and 20–50 cm). To assess the impact of climate change on carbon stocks, geographical location records of carbon stocks, remote sensing spectral bands, topographic data, and bioclimatic variables were used. For projections of future climatic conditions, predictions from two climate models (MPI-ESM-MR and HadGEM2-ES) of CMIP5 were used under Representative Concentration Pathway (RCP) 8.5 and modeling was performed using random forest regression. Results showed that the most dominant LULCc are cropland (37.2%) and tree savannas (35.51%). Carbon stocks in woody biomass were higher in woodland (10.2 ± 6.4 Mg·ha−1) and gallery forests (7.75 ± 4.05 Mg·ha−1), while the lowest values were recorded in shrub savannas (0.9 ± 1.2 Mg·ha−1) and tree savannas (1.6 ± 0.6 Mg·ha−1). The highest SOC stock was recorded in gallery forests (30.2 ± 15.6 Mg·ha−1) and the lowest in the cropland (14.9 ± 5.7 Mg·ha−1). Based on modeling results, it appears clearly that climate change might have an impact on carbon stock at horizon 2070 by decreasing the storage capacity of various land units which are currently suitable. The decrease was more important under HadGEM2-ES (90.0%) and less under MPI-ESM-MR (89.4%). These findings call for smart and sustainable land use management practices in the study area to unlock the potential of these landscapes to sequestering carbon.
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1. Introduction


The preponderance of degraded lands in the semi-arid savanna is largely the cause of low agricultural productivity, and therefore food insecurity and poor household livelihoods. This situation is worsened by climate change, the consequences of which are predicted to be particularly significant for West African socio-ecological landscapes [1,2].



One way of addressing climate change is to build up resilient socio-ecological landscapes by increasing the level of carbon in trees, belowground, and soils through the smart management of landscapes [3,4].



At the global level, landscape management decisions aim to increase their carbon sequestration potential [5,6] to mitigate the adverse effects of increased emissions of greenhouse gases (GHGs). For example, the Kyoto Protocol addressing climate change, with a focus on GHG sources, reservoirs and sinks, recognizes the need to control and reduce GHG emissions [7]. The protocol also calls for an emphasis on improving carbon sinks through forestry and agroforestry. Indeed, carbon sequestration under the Kyoto Protocol will not only stimulate significant changes in soil management, but will also, by increasing the organic matter content, have significant direct effects on soil properties and a positive impact on environmental or agricultural qualities and biodiversity. The benefits will simultaneously include the reduction of atmospheric CO2, increased soil fertility and productivity, and food security. This economic instrument will also make agricultural practices more sustainable and help prevent or mitigate the degradation of soil resources. To do this, the United Nations Framework Convention on Climate Change (UNFCCC) has examined the possibility of reducing these emissions through the international REDD+ initiative described as policy approaches and positive incentives on issues related to emissions reductions from deforestation and forest degradation, the role of conservation, sustainable forest management, and increased carbon stocks in forests [8].



The REDD+ mechanism aims to encourage developing countries to conserve forests through financial offsets from carbon credits [9]. However, its implementation depends on thorough monitoring, reporting, and verification (MRV) systems for estimating biomass and carbon stocks in forests [10,11,12,13], for which data are rarely available in West Africa. Moreover, there is a dearth of scenario-oriented studies that will come up with trends in carbon sequestration in the near future along with recommendations to create enabling environments to support informed policy decision- making.



So far, the most accurate method of measuring tree biomass has been destructive sampling [14,15,16,17], where trees are selected, cut, packaged, and dried to constant mass. However, the use of allometric models (non-destructive method) seems to be more respectful of nature and is an essential tool for estimating the individual biomass of trees. Allometric models can also be used on a large scale, contributing to accurate estimates of biomass and carbon stocks in terrestrial ecosystems [18,19,20].



Several studies have been conducted on the potential of soils to sequester carbon [21,22,23,24,25,26] and plant biomass [16,17,27,28,29,30,31,32] in semi-arid landscapes and their possible contribution to climate change mitigation. However, these studies only focused on the carbon stocks present either in the aboveground biomass or the soil, without integrating all these components at the same time. In addition, assessing the impact of climate change on carbon sinks and predicting carbon stocks in a changing environment will make recommendations for the sustainable management of socio-ecological landscapes. Once the alarm is sounded, politicians and key actors can consider appropriate measures to mitigate the adverse effects of climate change. The benefits of assessing the impact of climate change on carbon stocks in semi-arid West African savannas are that this will inform monitoring, reporting, and verification (MRV) for reducing deforestation and forest degradation (REDD+), and effectively assess forest management options under climate change. The present study was carried out in Dano watershed located in southwestern Burkina Faso, specifically in the Sudanian zone of West Africa. The aim of the study was to assess the potential of carbon stored in plant biomass and soil in semi-arid landscapes and to what extent climate change could affect their spatial distribution under current and future climate conditions.




2. Materials and Methods


2.1. Study Area


The study was conducted in the Dano watershed area, which is located in the Sudanian Savanna belt, described as having the potential to become the breadbasket of Africa. It was selected by WASCAL (West African Science Service Centre on Climate Change and Adapted Land Use) as a focal investigation area where meteorological, hydrological, agricultural, biological, and socio-economic research is concentrated. For its research program, WASCAL has adopted this watershed as a core research station to investigate the resilience of ecological and socio-economic systems in the face of climate change and land use change to ensure the flows of key ecosystem services. Hydrologically, the watershed falls within the Volta River Basin, which drains 43% of the total land area of Burkina Faso [33]. Geographically, the Dano watershed is located in the south-west of Burkina Faso, specifically (Figure 1). It lies between the latitudes of 11°21′50“and 11°04′27” N and the longitudes of 3°08′37“and 2°50′15” W (Figure 1) and its area is about 580 km2 [17]. The climate is tropical with a unimodal rainy season, lasting for about 6 months from May to October during which major agricultural activities are undertaken. Rainfall reaches its peak in July or August, depending on the onset of the rains. The mean annual rainfall for a 30-year period (1983–2013) is 879.2 ± 149.4 mm [17]. The rainy season is followed by a long dry season between November and April, during which agricultural activities cease [34]. The temperature ranges from 16 to 32 °C in December–January and 26–40 °C in March–April [17]. The Dano watershed is located in the southern Sudanian agro-ecological zone of Burkina Faso across a flat area with an average altitude of 300 m [17]. The widespread vegetation types in the study area are tree and shrub savannas with a grass layer dominated by annual grasses such as Andropogon pseudapricus Stapf. and Loudetia togoensis (Pilger) C.E. Hubbard, as well as perennials such as Andropogon gayanus Kunth. and Andropogon ascinodis C.B.Cl. The main woody species encountered in the study area are Faidherbia albida (Delile) A.Chev., Lannea microcarpa Engl. & K. Krause, Parkia biglobosa (Jacq.) R.Br. ex Benth., Tamarindus indica L., Vitellaria paradoxa C.F.Gaertn, Anogeisus leiocarpa (DC.) Guill. & Perr., Diospyros mespiliformis Hochst. Ex A.DC., and Pterocarpus erinaceus Poir (Dimobe, 2017). The most frequently encountered soils are Lixisols. Agriculture (crop farming and livestock rearing) is the main source of livelihood for the rural population living in the study watersheds [35,36].




2.2. Sampling Design and Data Collection


2.2.1. Satellite Imagery and Data Pre-Processing


To identify the main land use and land cover categories (LULCc) in the study area, a set of multitemporal sentinel-2 (S-2) images (June, September, October, November, and December), acquired in 2017, were obtained at no cost from the European Space Agency (ESA)’s Sentinels data hub (https://scihub.copernicus.eu/dhus/#/home), and analyzed in this study. The S-2 scenes all fall in the tile 30 PWT. These images were selected based on their availability and cloud cover. All S-2 images downloaded were cloud-free over the study area. They were already geometrically adjusted and projected to UTM WGS 84 zone 30. In importing the S-2 images, the spatial resolution of the red-edge and shortwave infrared (SWIR) bands was resampled to 10 m using the nearest neighbor method to ensure integration with the 10-m visible and near infrared (NIR) bands.



Reference data for the classification were collected in July 2017 during the field campaign. A handheld Global Positioning System (GPS) device was used to map representative plots of these classes, keeping the minimum mapping area at 30 m × 30 m. In total, reference data for seven LULC classes were generated for subsequent analysis. These were: (1) woodland; (2) tree savanna; (3) shrub savanna; (4) grass savanna; (5) settlement; (6) water body; and (7) bare soil.




2.2.2. Vegetation Data


Dendrometric data (DBH and tree height) were collected in 61 plots for all woody species with DBH ≥ 5 cm. The 61 plots were distributed proportionally to the area of each vegetation type and this resulted in 20, 15, 12, 8, and 6 plots established in cropland, tree savanna, shrub savanna, woodland, and gallery forest. The size of the plot varied according to the type of vegetation. In the savannas and woodlands, the size was 1000 m2 (50 × 20 m) [37], while in the gallery forest and cropland, it was 500 m2 (50 m × 10 m) [38] and 2500 m2 [39], respectively. For trees forking below 1.3 m, the diameter of all ramifications was measured and the quadratic mean diameter (root-mean-squared) was calculated as:


  D =     ∑   i = 1  n  d b  h i 2     








where D is the quadratic mean diameter, and dbhi are the diameters of various measured stems.



The heights of the trees were estimated using a pole or a clinometer. The identification of the species and family names of plants follows Thiombiano et al. [40].



The data collected were used to compute the biomass and carbon stored in woody species.




2.2.3. Soil Sampling, Processing, and Carbon Stock Calculation


Soil samples were collected at the same sampling plots where vegetation data were collected using an auger at four points to account for its heterogeneity. Two sampling depths, namely 0–20 cm (topsoil) and 20–50 cm (subsoil), were considered. Soil samples from the same layer were thereafter pooled, and thoroughly mixed to form a composite soil sample ready for soil organic carbon concentration determination at BUNASOL (National Soil Analysis Centre) in Ouagadougou. To measure the soil bulk density, the cumulative mass approach consisting in using a metal sampling plate and an auger was used to collect the soil sample at the center of each plot and at the same depths, that is 0–20 cm and 20–50 cm [41]. The fresh weight of the soil sample collected was determined in the field and the sample brought to the lab for dry weight assessment after drying at 105 °C for 48 h.



The proportion of fine soil was determined by drying, grinding, reducing to powder, and sieving with 2 mm mesh size, and soil samples were taken at the depth of 0–20 and 20–50 cm in each plot. The proportion of fine soil was then determined as the weight of the soil passing through the 2 mm mesh. For a given soil depth (0–20 cm or 20–50 cm), the soil organic carbon stock was calculated using the following formula [41]:


  SOCstock =  C  100   ∗ D a ∗ P ∗  (  1 − F r a g  )  ∗ 100 ,  








where




	
SOCstock: soil organic carbon (Mg C ha−1);



	
C: carbon concentration in the finer fraction;



	
Da: soil bulk density (Mg·cm−3);



	
P: thickness of soil layer (cm);



	
Frag: % of volume of coarse fragments/100; 100 will be used to convert the unit to Mg C ha−1.









2.2.4. Above and Belowground Biomass and Carbon Stock


Since allometric equations are not available for most of the species, aboveground biomass (AGB) was estimated using the generalized allometric model equation 4 of Chave et al. [42]:


  A G  B  d r y   = 0.0673 ∗    (  W D ∗ d b  h 2  ∗ H  )    0.976    








where H = height (m), dbh = diameter at breast height, WD = wood density (g cm−3)



The getWoodDensity function from the BIOMASS package in R software was used to assign a wood density value to each taxon using the global wood density database as a reference [43]. By default, getWoodDensity assigns to each taxon a species-or genus-level average if at least one wood density value in the same genus as the focal taxon is available in the reference database [44].



Belowground biomass (BGB) was assessed using the suggested RS-ratios, which is 0.25 for trees [45]. The predicted AGB and BGB were further upscaled from the tree level to the plot level.



The aboveground carbon (AGC) and belowground carbon (BGC) stocks were determined by applying the default Intergovernmental Panel on Climate Change (IPCC) carbon fraction value of 0.47 [46]. The total amount of carbon stored in the plant biomass was calculated as the sum of AGC and BGC.



The total amount of carbon in a plot was calculated as the sum of carbon stored in the soil profile plus the total biomass carbon.




2.2.5. Geographical Distribution of Carbon Stock under Changing Climate


Four types of data were used: (i) Geographical location records of total carbon stock (biomass + soil); (ii) satellite spectral data (S-2 spectral bands, nine soil and vegetation indices); (iii) terrain attributes; and (iv) bioclimatic variables (Table 1). The spectral data (Table 1) were obtained from sentinel-2 data. The terrain attributes (Table 2) were derived from SRTM (Shuttle Radar Topography Mission) DEM with 30 m resolution ASTER GDEM, http://asterweb.jpl.nasa.gov/GDEM.ASP. For the bioclimatic variables (mean annual precipitation (bio12) and temperature (Bio1)), current (1950–2000) climate data and future climate projections (2070) were obtained from WorldClim, version 1.4 (www.worldclim.org). The bioclimatic layers were interpolated from weather stations on a 30 s grid. For projections of future climatic conditions, predictions from two models of the Coupled Model Inter-comparison Project phase 5 (CMIP5) were used: the Met Office climate model (HadGEM2-ES), and the Max-Planck Institute Earth System Model for medium resolution version (MPI-ESM-MR) [47,48]. The projections were run under one of the four scenarios developed by the Intergovernmental Panel on Climate Change (IPCC) in its Fifth Assessment Report (AR5): the mid-21st century RCP 8.5. To ensure integration with the S-2 data, the bioclimatic variables and the terrain attributes were resampled to 10 m resolution using the bilinear interpolation methods [49] and projected to UTM WGS 84 zone 30. In addition to the original spectral bands, nine soil and vegetation indices were computed for each image.




2.2.6. Statistical Analyses


Random Forest (RF) [50] was used to classify the S-2 images. This algorithm was selected because of its high performance, as reported by several studies [49,51,52]. The RF belongs to the family of ensemble learning techniques that predicts a response (in this case the carbon stock) from a set of predictors (matrix of training data) by creating multiple decision trees (DTs) and aggregating their results [49]. Each tree in the forest is independently constructed using a unique bootstrap sample (random sampling with replacement) of the training data. Whereas other machine learning algorithms use the best split among all predictors for node splitting, RF chooses the best split from a randomly selected subset of predictors. Additionally, RF requires no assumption of the probability distribution of the target predictors as with linear regression, and is robust against nonlinearity and overfitting, although overfitting may occur in instances where noisy data are being modeled. The caret package was chosen to implement the classification algorithm due to its ability to streamline the model building and evaluation process of a multitude of algorithms [26]. The package reduces the complexity associated with model tuning by first iterating over a range of values of model parameters and then selecting the parameter combination that gives the best performance for building a final model. For RF modeling, parameters requiring tuning such as the number of trees to grow in the forest (ntree) and the number of randomly selected predictor variables at each node (mtry) were set using the grid search method implemented in the Classification and Regression Training (Caret) package using 10-fold cross-validation with 5 repetitions [49]. In implementing the classification algorithm, reference samples were derived by overlaying the reference data on the image data and extracting the underlying values. For each LULCc, a condition was set to extract a maximum of 500 samples points for all possible samples falling within polygons of that class.



Statistical analyses were done using the R statistical software package, version 3.3.2 [53]. Statistical assumptions were explored visually as proposed by Zuur and colleagues [54]. We first checked for normality among the different variables using the Shapiro–Wilk normality test. As data were not normally distributed (Shapiro–Wilk test, p < 0.05), the Wilcoxon Rank Sum test was used for probing the statistical differences between two variables and the Kruskal-Wallis Rank Sum test was used for more than two variables. The “computeAGB” function from the BIOMASS package was used to calculate the AGB. Statistical analyses were performed at a significance level of 0.05. A one-way analysis of variance was used to determine if there was a significant difference in LULCc with respect to species richness, DBH, tree height, basal area, and carbon stock.



RF regression [49,50] was also used to build a predictive model using the total carbon stock (biomass + soil) as dependent/response variables and the spectral and terrain/climatic variables as independent variables. Feature selection was carried out using the RF recursive feature elimination algorithm of the R “caret” package [26]. The following variables were finally retained for the carbon stock prediction: temperature, aspect, topographic wetness index, precipitation, elevation, red (spectral band), EVI, near infrared (spectral band), hue index, green (spectral band), NDVI, blue (spectral band), brightness index, redness index, and SAVI. The measure of the variable importance based on the mean decrease in the prediction accuracy before and after random shuffling of the predictors gives insight into the influence that each of the explanatory variables has on the response variable. The latter was considered for identifying the most important factors affecting the carbon stocks. The RF regression analysis was carried out using the R “caret” package using 10-fold cross-validation with five repetitions.



The carbon data were split, with 75% of the samples used to train the model while 25% were used as an independent validation test. For each model (current and future), the accuracy of the prediction was assessed using the respective 25% testing data. Differences between observed and predicted carbon stocks were calculated with the mean absolute error (MAE) and the root-mean-squared error (RMSE). Additionally, the coefficient of determination (R2) for the present and future models was noted for the validation set.






3. Results


3.1. Main Land Use and Land Cover Categories


The classification yielded 94.29% as overall accuracy and 92.95% as kappa index values for the LULCc map of 2017. The LULCc map was produced for the year 2017 (Figure 2a) and the individual class area was computed. We presented the accuracy assessment results using confusion matrix in Table 3, which shows the level of agreement between classified and reference points. Based on the area of each LULCc (Figure 2b), the main LULCc selected for the study were the cropland (37%), tree savannas (35%), shrub savannas (12%), woodland (6%), gallery forests (3%), and grass savannas (6%), despite their relative dominance compared to gallery forests, which were not taken into account due to the absence of woody species. Although in the Sudanian zone grass savanna can be an important component of the aboveground biomass, reaching a maximum standing crop of around 4–6 Mg C ha−1 [55,56], it is a dynamic and seasonal biomass.




3.2. Vegetation Structure


A total of 1450 trees were inventoried over an area of 6 ha in 61 locations covering 20 cropland, 15 tree savanna, 12 shrub savanna, 8 woodland and 6 gallery forest plots across the study area. Tree size-class distribution profiles showed a greater proportion of stems in the smallest size class, <10 cm, and fewer stems in the intermediary and leading size classes (Figure 3). Trees found in croplands were relatively bigger than those in near-natural vegetation (Table 4).



Species richness varied significantly with land use types in the study area (X-squared = 46.484, p < 0.0001) with woodland, gallery forest, and tree savanna having a significantly higher richness compared to cropland and shrub savanna (Table 4). Basal area varied significantly (F = 53.93; p < 0.0001) between plant community types ranging from 3.2 ± 3.5 m2·ha−1 in shrub savanna to 21.27 ± 9.94 m2·ha−1 in gallery forest (Table 4). Tree density was higher in gallery forest (920 stem·ha−1), woodland (773.7 stem·ha−1), and tree savanna (332.2 stem·ha−1) than in shrub savanna (116 stem·ha−1) and croplands (32.6 stem·ha−1) (Table 4).



In the study area, land use had an effect on tree sizes (F = 73.44; p < 0.0001). The highest values of DBH were recorded in cropland (36.4 ± 24.2 cm) followed by gallery forest (17.5 ± 16.8 cm), while the lowest values were measured in tree savanna (11.6 ± 8.1 cm) and shrub savanna (12.5 ± 14 cm).



With respect to tree height, there was a significant difference in land use types (F = 37.08; p < 0.0001). The highest values were obtained in cropland (10.3 ± 4.4 m), followed by woodland (8.9 ± 4.9 m), and gallery forests (7.5 ± 4.5 m) (Table 2). However, in the savannas the lowest values varied from 4.84 to 5.70 m.




3.3. Carbon Stock in the Sudanese Savanna Landscape


3.3.1. Carbon Stock in Plant Biomass


Aboveground carbon stocks differed between LULCc in the study area (F = 29.36, p < 0.0001). Carbon stock values were higher in woodland (10.2 ± 6.4 Mg·ha−1), followed by gallery forests (7.75 ± 4.05 Mg·ha−1) and cropland (6.4 ± 2.5 Mg·ha−1). However, shrub savannas and tree savannas recorded the lowest carbon stocks with 0.9 ± 1.2 Mg·ha−1 and 1.60 ± 0.60 Mg·ha−1, respectively (Table 4).




3.3.2. Soil Organic Carbon Stock


The soil organic carbon (SOC) content in the selected LULCc was higher in the topsoil (0–20 cm) than in the subsoil (20–50 cm) (Table 5 and Figure 4). In the topsoil, shrub savanna (1.2 ± 0.1%) and gallery forest (1.10 ± 0.08%) were the vegetation types in which the highest amount of SOC contents were recorded (Figure 4), while the subsoil, shrub savanna (0.73 ± 0.04%), and tree savanna (0.71 ± 0.1%) had the highest amount of SOC content. The lowest values of soil organic carbon content were recorded in cropland in topsoil (0.9 ± 0.06%) and subsoil (0.6 ± 0.04%).



In the top and subsoil, the mean value of SOC stock was highest in the gallery forests, and lowest in the croplands (Table 5). In addition, SOC values in the subsoil were higher than those in the topsoil in all LULCc except in the gallery forest.



At the landscape scale, gallery forest soils store much more carbon (30.2 ± 15.6 Mg·ha−1) than shrub savannas (22.1 ± 6.1 Mg·ha−1), woodland (22 ± 8.2 Mg·ha−1), and tree savannas (21.4 ± 7.4 Mg·ha−1). Cropland soils store less carbon (14.9 ± 5.7 Mg·ha−1).




3.3.3. Total Carbon Stock in the Main LULCc


Considering the stock of carbon stored in the plant biomass and in soil in each LULCc, it appears that gallery forests (38 ± 17.8 Mg·ha−1) and woodland (32.2 ± 7.7 Mg·ha−1) store more carbon than other LULCc (see Table 5). The estimated carbon stock in the plant biomass and in soil across the different LULCc is shown in Figure 5. The results indicated that soils contributed between 2 and 5 times more carbon than the aboveground pools.





3.4. Geographical Distribution of Carbon Stock under Changing Climate


The optimal subset of covariates resulting from the recursive feature elimination scheme retained fifteen variables: temperature, aspect, topographic wetness index, precipitation, elevation, red (spectral band), EVI, near infrared (spectral band), hue index, green (spectral band), NDVI, blue (spectral band), brightness index, redness index, and SAVI, which have been used to model the current and future distribution of carbon stock in the Dano watershed (Figure 6). The importance measures of the investigated predictor variables by RF indicated that near infrared (spectral band) is the most important variable in explaining the spatial distributions of carbon stock in the Dano watershed (Supplementary Information). Less important but still of major dominance is the topographic wetness index, while precipitation (Bio12) is the third most important variable that influences the spatial distribution of carbon stocks.



The performances of the models are shown in Table 6. The mean absolute error (MAE) ranged between 20.31 and 21.22 and was lower for the current model (Table 6). For the root-mean-squared error (RMSE), values between 12.41 and 13.10 were calculated. Additionally, high coefficients of determination values of 98.40% to 98.92% indicated a strong correlation between measured and predicted carbon stocks.



The projected total carbon stock in 2070 varied depending on the global climate model (GCM) used (Figure 7). More than 80% of the studied area is classified as a poor carbon stock habitat (between 0 and 75 Mg·ha−1) in all cases, i.e., current and future. It is followed by a moderate habitat (75–150 Mg·ha−1), which represents ca. 9% of the studied area, and high carbon stock habitat (150–225 Mg·ha−1) with 2.41% (Figure 7). According to the HadGEM2-ES model and under RCP 8.5, the poor carbon stock habitat will lose about 6% of its initial area by 2070. This model also predicts a decrease in carbon stock in the high carbon stock habitat while a net increase is observed in the moderate habitat by 2070 (Figure 7). The MPI-ESM-MR model predicts the same trends as the HadGEM2-ES. There will be a depletion of high carbon stock habitats by 2070, irrespective of the climate model used. A relatively higher increase in the moderate carbon stock habitat is predicted under HadGEM2-ES compared to MPI-ESM-MR.





4. Discussion


4.1. Main Land Use and Land Cover Categories


The classification technique used to derive the LULC map for the year 2017 was the random forest (RF) algorithm. This algorithm has been used, e.g., by Forkuor [33], Knauer et al. [57] and Zoungrana et al. [58], in the Sudanian Savanna of West Africa to analyze LULC dynamics. Previous studies [51,59,60,61] have compared the performances of different machine learning algorithms (MLAs), such as support vector machines (SVM), regression trees (RTs), Artificial Neural Networks (ANN), stochastic gradient boosting (SGB), and RF. They showed that RF performed better than the other algorithms. Moreover, croplands were found to be the most dominant land use type in the study area. This result concurs with that of Forkuor et al. [49], who reported that agriculture is the major land use system in the Dano watershed, covering nearly 45% of the total area of the study area.




4.2. Vegetation Structure


The landscape of the Dano watershed is dominated by small (low biomass) individuals. Large trees are scarce due to removal through regular harvesting for fuelwood and land clearing for crops. This is evidenced by the abrupt drop in tree numbers above DBH of 5 cm, and the gradual decline in individuals with an increase in size. Moreover, the production of a local beer (dolo) results in the use of about 6400 t of firewood per year from the native savanna sites; this also constitutes a major source of degradation of natural resources [62]. Wood harvesting and charcoal production are a major cause of loss of trees in the study area, through clearing, harvesting, and bushfires [26,33]. However, the dominance of trees in lower DBH is very interesting for the survival of the vegetation. The low values of tree density observed in the shrub savanna and croplands could be explained as being the result of human activities such harvesting, pasture, and agriculture, which have changed the structure of the vegetation [63]. Most of the trees found in croplands are mainly composed of high-growth species benefiting from the protection of farmers because of the important role they play in the provision of socio-economic and environmental services for local populations [64].




4.3. Carbon Stock in the Sudanese Savanna Landscape


4.3.1. Carbon in Plant Biomass


The average aboveground carbon stock in the Dano watershed is low compared to the values recorded by Goussanou et al. [65] in the Lama forest, located in southern Benin and in the Miombo woodland in Tanzania [66] and in northern Mozambique [67]. This could be explained by better environmental conditions that would favor vegetation productivity in these areas, as observed by Ribeiro et al. [67] in the Miombo.



The lower carbon stock found in shrub savanna and tree savanna were apparently a direct consequence of land degradation and deforestation affecting tree density [68]. Several studies in tropical regions have reported a higher biomass in preserved areas than in degraded vegetation [65,69,70]. The high biomass in croplands is attributed to the presence of high biomass trees while the shrub savanna and tree savanna are dominated by moderate to low biomass trees, which occur in high numbers. It could also be explained by higher tree density, large trees, and also the presence of trees with a high potential for carbon storage such Vitellaria paradoxa [16].



The high values of carbon stock recorded in the woodlands and gallery forests could be explained by: (i) the high abundance of woody trees; and (ii) the protection of these stands from logging and anthropogenic samples. This finding was consistent with results of Qasim et al. [71], who stressed that carbon stocks in plant biomass in the wildlife reserve of Bontioli and Nazinga Game Ranch located in Burkina Faso were higher in forest (gallery forests and wooded savannas) than in tree and shrub savannas.




4.3.2. Soil Organic Carbon


This study reveals that the mean SOC stocks are higher in gallery forests and lower in croplands, indicating the negative impact of agricultural practices on SOC stock. This result is in line with the findings of Hounkpatin et al. [26] in the same study area. A study in Ghana by Boakye-Danquah et al. [72] reported that SOC cropland (22.9 Mg C ha−1) is lower than that in native vegetation (49.4 Mg C ha−1) for the topsoil (0–20 cm). In Burkina Faso, Hien et al. [73] recorded 16–25 Mg C ha−1 for cropland and 61 Mg C ha−1 for savanna soils in Poni Province in southwestern Burkina Faso. However, our data for the Dano watershed showed smaller differences between the two land use systems. This study showed that the SOC content obtained in the croplands was low compared to other LULCc. This could be explained by the presence of high human activity in croplands [26]. For example, according to Lal [74], fire is a major disturbance that can impact SOC stock. In this study, croplands are in a fire-prone area and may have been impacted by the effects of this disturbance, which might have lowered their carbon stock.



The total carbon stock in the Dano watershed was found to be higher in the gallery forest, followed by the woodland, tree savanna, shrub savanna, and croplands. These results are consistent with those of Boakye-Danquah et al. [72] in northern Ghana. This shows that natural or semi-natural vegetation have a higher carbon storage capacity than environments degraded or transformed by anthropogenic activities, and that carbon sequestration is a function of the abundance of trees in the environment. However, it should be noted that carbon stocks are a result not only of management, but also of site-specific pedological and climatic conditions that maybe confounding to the management effect [75,76].





4.4. Geographical Distribution of Carbon Stock under Changing Climate


The results of carbon stock modeling showed that the poor carbon stock habitat is widespread in the study area, while the high carbon stock habitat has a lower representation. By analogy with the results of the image classification, the poor carbon stock habitat is equivalent to the croplands and tree savanna, while that of the high habitat represents woodlands and gallery forests, and the intermediate class (75–150 Mg C ha−1) corresponds to shrub savanna. The two climate models used in this study project a reduction in the carbon stock for the poor habitat (about 5% for HadGEM2-ES, and 3% for MPI-ESM-MR) and the high habitat (ca. 2.17% for HadGEM2-ES, and 2.15% for MPI-ESM-MR). Although the models considered in this study predict a significant decrease in carbon stock, there were some variations in the extent of the predicted habitats and their level of suitability according to the climate model and the scenario (RCP) used. Variations in prediction under future climates have largely been reported in the climate change modeling literature, and many factors including the estimated variables, the process applied in a model construction, variation in modeling technique, or the climate scenario are likely to influence the outcome of the model [77,78].



The decrease in the carbon stock by 2070 in both models could generally be due to human activities and the adverse effects of climate change, because according to Harris et al. [79], there is a strong correlation between anthropogenic activities and the amount of carbon lost. In degraded and non-degraded forests/savannas, carbon stock, vegetation structure and biodiversity can be highly variable, ultimately affecting ecological functioning and recovery time [80,81]. According to Nabuurs et al. [82], the degradation of vegetation leads to immediate CO2 emissions (with small amounts of CO, CH4, and N2O) when biomass and dead organic matter are burned, and slower release when the biomass and dead organic matter disintegrate. At the same time, deforestation is the main cause of the loss of global biodiversity in terrestrial ecosystems [68,83]. In addition to the anthropogenic factors, the regressive trends of the carbon stock suggesting that climate change will have a negative impact on: (i) plant species, especially woody species, as reported by Thuiller [77]; and (ii) carbon stock in the study area. This also confirms the hypothesis that climate change may alter the range of species, as evidenced by several studies [77,84,85]. The reduction in the carbon stock by 2070 could be related to the planned shift to a somewhat more arid climate.





5. Conclusions


The current study is a pilot research project using biomass models to derive vegetation carbon stocks and their spatial distribution. Soil was the most important pool of carbon stock in our study area. Modeling results showed that climate change could affect the carbon storage potential of woody species in the Dano watershed by reducing areas or LULCc that currently have high carbon storage potential. The results of this study can be used to develop strategies for woody species conservation and to improve the adaptive capacity of local people to reduce their vulnerability to the effects of climate change. The creation of databases on the potential impact of climate change on the carbon storage capacity of woody species according to the different climate scenarios could accelerate the adaptive decision-making as part of their integration into forest management systems (e.g., by developing decision-making models that incorporate climate change to identify carbon stock hotspots to be protected). The approach applied in this study could be used as a basis for establishing vegetation reference emissions in the context of REDD+ (reduction emissions from forest degradation, conversion of forests, and the enhancement of forest carbon stocks). In this study, the aboveground carbon stock was estimated using the generalized equation developed by Chave et al. [42] and the global wood density database because of the lack of species-specific allometric equations and wood densities at the local level. Thus, future studies should endeavor to contribute to filling this gap. In the future, the model performance will be improved by considering other environmental data and other up-to-date remote sensing techniques.
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Figure 1. Map of study area showing the location of training and validation samples. 
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Figure 2. Main land use and land cover category (a) and their proportion (b). 
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Figure 3. The proportion of trees measured per diameter class. 
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Figure 4. Variation of soil organic carbon in top and subsoil across different land use and land cover categories (LULCc). 
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Figure 5. Estimated carbon stock across the different LULCc. 
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Figure 6. Current and future (2070) spatial distribution of the total carbon stock in the Dano catchment according to the MPI-ESM-MR and HadGEM2-ES climate models under RCP 8.5. 
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Figure 7. Suitable areas predicted under current and future climate models. 
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Table 1. Spectral bands, soil and vegetation indices derived from the S-2 data.
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Spectral Bands

	

	
1

	
2

	
3

	
4




	
S-2 Band Name

	
Blue (B)

	
Green (G)

	
Red (R)

	
Near Infra Red (NIR)






	
Spectral Indices

	
Name

	
Formula

	
References




	
Brightness Index (BI)

	
((R2 + G2 + B2)/3)0.5

	
Ray et al., 2004




	
Saturation Index (SI)

	
(R-B)/(R + B)

	
Ray et al., 2004




	
Hue Index (HI)

	
(2 ∗ R-G-B)/(G-B)

	
Ray et al., 2004




	
Coloration Index (CI)

	
(R-G)/(R + G)

	
Ray et al., 2004




	
Redness Index (RI)

	
R2/(B ∗ G)3

	
Ray et al., 2004




	
Normalized Difference Vegetation Index (NDVI)

	
   N D V I   =      (  N I R   −   R e d  )     (  N I R   +   R e d  )      

	
Huete et al., 2002




	
Enhanced Vegetation Index 2 (EVI2)

	
   E V I 2   =     2.5   ∗    (  N I R   −   R e d  )     (  N I R   +   2.4 R e d   +   1  )      

	
Jiang et al., 2008




	
Enhanced Vegetation Index (EVI)

	
   V I   =     ( 2.5   ∗    (  N I R   −   R e d  )     (  N I R   +   6 R e d   −   7.5 B l u e   +   1  )      

	
Huete et al., 1997




	
Soil Adjusted Vegetation Index (SAVI)

	
   S A V I   =      (  1   +   L  )   (  N I R   −   R e d  )     (  N I R   +   R e d   +   L  )      

	
Huete, 1988
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Table 2. Terrain attributes used as predictors for carbon mapping.
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	Variables
	Unit





	Aspect
	degree



	Catchment area
	m2



	Flow direction
	-



	Flow line curvature
	Degree·m−1



	Plan curvature
	Degree·m−1



	Slope
	Radians/%



	Terrain ruggedness
	-



	Topographic wetness index
	-



	Topographic position index
	-



	Total curvature
	Degree·m−1
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Table 3. Confusion matrix and classification accuracy for 2017 sentinel-2 image.
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Classified

	
References

	

	

	

	

	

	

	

	




	
Gallery Forest

	
Woodland

	
Tree Savanna

	
Shrub Savanna

	
Grass Savanna

	
Cropland

	
Bare Soil

	
Water Body

	
Settlement

	
Total Raw






	
2017

	

	

	

	

	

	

	

	

	

	




	
Gallery forest

	
11

	
10

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
21




	
Woodland

	
6

	
58

	
6

	
0

	
0

	
0

	
0

	
0

	
0

	
70




	
Tree savannas

	
0

	
4

	
233

	
0

	
0

	
1

	
0

	
0

	
0

	
238




	
Shrub savannas

	
0

	
0

	
0

	
95

	
5

	
0

	
0

	
0

	
0

	
100




	
Grass savannas

	
0

	
0

	
0

	
11

	
18

	
0

	
0

	
0

	
0

	
29




	
Cropland

	
0

	
0

	
0

	
0

	
3

	
186

	
0

	
0

	
0

	
189




	
Bare soil

	
0

	
0

	
0

	
1

	
0

	
0

	
31

	
0

	
2

	
34




	
Water body

	
0

	
0

	
0

	
0

	
0

	
0

	
0

	
357

	
0

	
357




	
Settlement

	
0

	
0

	
0

	
0

	
13

	
2

	
0

	
0

	
67

	
82




	
Column total

	
17

	
72

	
239

	
107

	
39

	
189

	
31

	
357

	
69

	




	
Overall accuracy (%)

	
94.29

	

	

	

	

	

	

	

	

	




	
Kappa coefficient (%)

	
92.95
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Table 4. Plant community type characteristics.
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	Vegetation Type
	No. of Plots
	Species Richness (S, Species)
	DBH (cm)
	Height (m)
	Tree Density (Tree·ha−1)
	Basal Area (m2·ha−1)
	C Stock (Mg·ha−1)





	Cropland
	20
	14
	36.4 ± 24.2
	10.3 ± 4.4
	32.6
	12.2 ± 4.7
	4.6 ± 1.6



	Shrub savanna
	12
	13
	12.5 ± 14.0
	4.8 ± 2.6
	116
	3.2 ± 3.5
	0.9 ± 1.2



	Tree savanna
	15
	30
	11.6 ± 8.1
	5.7 ± 2.5
	332.2
	5.2 ± 1.6
	1.6 ± 0.6



	Woodland
	8
	54
	13.3 ± 10.0
	8.9 ± 4.9
	773.8
	18.7 ± 6.8
	10.2 ± 6.4



	Gallery forest
	6
	50
	17.5 ± 16.8
	7.5 ± 4.5
	920
	21.3 ± 9.9
	7.8 ± 4
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Table 5. Mean values (± standard error) of soil organic carbon in different LULCc and soil depths. The mean total carbon stock represents the stock of carbon stored in the plant biomass and in soil in different LULCc.
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LULC

	
Depth (cm)

	
SOC (Mg/ha)

	
Mean Total Carbon Stock (Mg·ha−1)






	
Gallery forest

	
0–20

	
16.7 ± 8.5

	
38 ± 17.8




	
20–50

	
13.5 ± 8.5




	
Woodland

	
0–20

	
10.4 ± 1.2

	
32.2 ± 7.7




	
20–50

	
11.6 ± 8.4




	
Tree savanna

	
0–20

	
9.9 ± 4.9

	
23.0 ± 7.3




	
20–50

	
11.5 ± 4.5




	
Shrub savanna

	
0–20

	
9.2 ± 4.9

	
22.9 ± 7.1




	
20–50

	
12.9 ± 4.7




	
Cropland

	
0–20

	
6.2 ± 2.2

	
19.5 ± 6.3




	
20–50

	
8.7 ± 4.3
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Table 6. Mean Absolute Error (MAE), Root-Mean-Squared Error (RMSE), and coefficient of variation (R2) of the validation set.
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	Evaluation Index
	Current
	HadGEM2-ES
	MPI-ESM-MR





	MAE
	20.31
	21.12
	21.22



	RMSE
	12.41
	13.10
	12.57



	R2 (%)
	98.92
	98.67
	98.40
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