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Abstract: This study investigates the robustness of the physically-based hydrological model WaSiM
(water balance and flow simulation model) for simulating hydrological processes in two data sparse
small-scale inland valley catchments (Bankandi-Loffing and Mebar) in Burkina Faso. An intensive
instrumentation with two weather stations, three rain recorders, 43 piezometers, and one soil moisture
station was part of the general effort to reduce the scarcity of hydrological data in West Africa.
The data allowed us to successfully parameterize, calibrate (2014–2015), and validate (2016) WaSiM for
the Bankandi-Loffing catchment. Good model performance concerning discharge in the calibration
period (R2 = 0.91, NSE = 0.88, and KGE = 0.82) and validation period (R2 = 0.82, NSE = 0.77,
and KGE = 0.57) was obtained. The soil moisture (R2 = 0.7, NSE = 0.7, and KGE = 0.8) and the
groundwater table (R2 = 0.3, NSE = 0.2, and KGE = 0.5) were well simulated, although not explicitly
calibrated. The spatial transposability of the model parameters from the Bankandi-Loffing model was
investigated by applying the best parameter-set to the Mebar catchment without any recalibration.
This resulted in good model performance in 2014–2015 (R2 = 0.93, NSE = 0.92, and KGE = 0.84) and
in 2016 (R2 = 0.65, NSE = 0.64, and KGE = 0.59). This suggests that the parameter-set achieved in
this study can be useful for modeling ungauged inland valley catchments in the region. The water
balance shows that evaporation is more important than transpiration (76% and 24%, respectively,
of evapotranspiration losses) and the surface flow is very sensitive to the observed high interannual
variability of rainfall. Interflow dominates the uplands, but base flow is the major component of
stream flow in inland valleys. This study provides useful information for the better management of
soil and scarce water resources for smallholder farming in the area.

Keywords: WaSiM hydrological model; hydrological instrumentation; multivariate model
performance; transposability; smallholder farming; water resource scarcity

1. Introduction

Water resource availability for smallholder farmers in West Africa is a major concern for food
security, poverty alleviation, and economic development as the majority of the population practices
rainfed agriculture [1]. Two adjacent small rural catchments named Bankandi-Loffing and Mebar,
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located in the Dano Province in southwestern Burkina Faso, were selected for this study (Figure 1b).
The Bankandi-Loffing and Mebar catchments are 30 km2 and 7.8 km2 large, respectively, and are part
of one of the three focus catchments of the project WASCAL (West African Service Center on Climate
Change and Adapted Land Use).

The catchments are located in the Sudan Sahelian climate zone [2] with an annual rainfall of 800
to 1200 mm concentrated in a unimodal rainy season starting in May and ending in October. The mean
annual rainfall from 1970 to 2013 was 886 mm. More than 77% of the annual rainfall occurs from
June to September, with August recording the highest rainfall (225 mm or 25% of annual rainfall).
The daily minimum and maximum temperatures from 1970 to 2016 were 21 ◦C and 32 ◦C, respectively.
The region has been particularly affected by climate variabilities with disastrous consequences on
smallholder farming [3–19] and 60% of the population of the area are endemically poor [20–22].

Due to relatively higher water availability and more favorable soil conditions in inland valleys,
there has been a considerable shift of agriculture from uplands to valley bottoms. Inland valleys are
estimated to cover 22–52 million ha in West Africa [23] and approximately 1200 ha in the study area
(see Figure 1b). As a matter of fact, many inland valleys are currently being developed, but certainly
without the proper knowledge on how this will influence their hydrological functioning, given the lack
of studies in this area [24]. For a meaningful policy design and implementation of an effective water
management strategy, it is important to understand the underlying hydrological processes.

Hydrological modeling is usually applied to provide information for water resource policy,
management, and regulation using predictions [25]. Several studies have employed the semi-distributed
SWAT (Soil and Water Assessment Tool) model [26] at the West African sub-continental scale and the
major river basin scale (e.g., Volta, Niger, Senegal river basins) [27–32]. The spatially explicit grid-based
mesoscale hydrological model (mHM) [33,34] was also successfully applied by Poméon et al. [35] at
that scale.

However, for understanding hydrological processes, physically-based models such as MIKE
SHE [36,37] are the most recommended. They are also suitable for mitigating the problem of
identifiability and equifinality [38–42], but require an appropriate spatial resolution. The problem
of identifiability and equifinality is related to uncertainties in hydrological models because
several parameter-sets can produce acceptable matching between observed and modelled variables.
The problem is more pronounced with the relatively high number of parameters. Physically-based
models are rarely utilized in the region because they necessitate the knowledge of physical parameters
with high spatio-temporal resolution and the region is a very data-scarce environment [43]. As an
example, Andersen et al. [44] used MIKE SHE at a 4 × 4 km2 resolution to represent hydrological
processes and to estimate the water balance of the Senegal River basin. In light of the coarse spatial
resolutions and the data scarcity in the region, the applicability of a process-based model at that
resolution and scale is questionable, and the explanatory power at the local smallholder farming scale
is low. Therefore, one of the main focuses of this study was to carry out an intensive instrumentation
of selected ungauged catchments.

To allow the application of a physically-based model, an intensive hydrological observation
network was designed, installed, and monitored during this study. The installed observation network
in the two selected catchments included two climate stations, three rainfall recorders, five discharge
stations, one soil moisture station, and 43 piezometers in the shallow aquifer (see Figure 1c,d). This was
necessary to reduce the data scarcity and advance hydrological knowledge in the region. A similar
approach was developed by the project AMMA (African Monsoon Multidisciplinary Analysis) in the
Sahelian climate zone [45]. Nevertheless, the drawback of this approach is the shortness of time series
data for pioneering researchers like in this study, but it is surely beneficial for future research when the
observation network is well maintained. Moreover, the findings in this study can be outscaled using
the AMMA network.
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As the time series are short, data driven models (lumped or conceptual) are not suitable for
this study. Therefore, a deterministic and physically-based process model that does not require a long
time series as opposed to lumped and conceptual models was chosen.

The water balance simulation model (WaSiM) is a grid-based and mainly physically-based
hydrological model [46]. It utilizes the Richards and Weaver [47] equation for soil hydrological
modeling and the van Genuchten [48] approach for the parameterization of soil hydraulic parameters.
The parameterization of the soil model using the van Genuchten equation reduces the number of
parameters to be calibrated and thereby the problem of identifiability [33]. WaSiM was previously
applied at the mesoscale for modeling the Volta River basin [49] and has also been used at a smaller
scale in the Dano catchment (195 km2) [50]. However, the applied 90 m spatial resolution in that study
was too coarse for accurate modeling of inland valleys. Therefore, WaSiM was applied in this study at
a higher spatial resolution of 30 m.

The pairwise comparisons of measured and predicted discharges are commonly utilized to assess
model performance in calibration and validation periods using numerical performance indicators such
as the coefficient of determination (R2), the Nash–Sutcliffe efficiency (NSE), the Kling–Gupta efficiency
(KGE), and graphical method [51–55]. Some authors have modified the pairwise comparisons to account
for measurement uncertainties [25,56]. Very few studies have utilized a multivariate approach to assess
model performance. In the multivariate performance method, in addition to discharge, the model
performance is estimated for other model outputs including soil moisture, actual evapotranspiration,
and total water storage [30,57]. In this study, multiple performance indicators (R2, NSE, KGE, Pbias) and
the graphical method were simultaneously applied to verify discharge, soil moisture, and groundwater
table information generated by the model.

Moreover, the robustness of WaSiM was estimated by investigating the spatial transposability of the
hydrological model [58,59]. This was achieved by first calibrating and validating the Bankandi-Loffing
model. Then, the best parameter-set obtained from Bankandi-Loffing was applied to the Mebar
catchment without any recalibration. Finally, the performance of the Mebar model was evaluated for
goodness of fit between the simulated and observe discharge. In contrast to the spatial transposability,
the temporal transposability of lumped hydrological models was evaluated by Seiller et al. [60] in
two catchments in Canada and Germany. The temporal transposability approach consisted of first
calibrating and validating a hydrological model in a historical period and subsequently quantifying
the model performance and robustness in another period under contrasted climate conditions [60].
Due to the short time series of data in this study, the test for temporal transposability was limited in
this case. However, the spatial transposability approach using a physically-based hydrological model
is rarely applied in West Africa and contributes to the hydrological modeling of other inland valley
catchments in West Africa where the basic hydrological information does not exist [61].

The objective of this study was to model surface and groundwater resources in order to support
adaptation strategies and the planning of water management at the local scale for smallholder
farming systems. This study addressed the following specific objectives: (1) Apply WaSiM at the local
scale for hydrological processes representation and water balance estimation; (2) test the robustness of
WaSiM using its spatial transposability from the calibrated/validated Bankandi-Loffing model to the
Mebar model; and (3) determine the main hydrological processes controlling water resource availability
in inland valleys and the water balance.

2. Materials and Methods

2.1. Study Area

The geomorphology of the catchments is characterized by flat landscapes. The mean slope is 4◦

in Bankandi-Loffing and 5◦ in Mebar. The most frequent slope is 3◦ in both investigated catchments
and more than two thirds to three quarters of the catchments have a slope of 0◦ to 5◦. This allows the
formation of inland valleys that can easily be flooded during the rainy season.
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The geology of Burkina Faso consists of Precambrian formations that are part of the
West-African craton. The paleoproteozoic basement is made of Birimian green stone belts (2238
to 2170 million years old), volcano-sedimentary, and plutonic sequences [62]. The Ante-Birimian
granites are found at the upstream areas and Birimian shists are located at the downstream areas of the
investigated catchments [63]. The geology is made of crystalline rocks and the aquifer develops in
faults, fractures, saprolites, and alluvial materials. The layers of saprolites are 10 to 30 m thick.
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Figure 1. Location, topography, and instrumentation of the investigated catchments. (a) Location
of the Dano catchment in Burkina Faso; (b) Bankandi-Loffing and Mebar catchments in Dano;
(c) Sub-catchments and instrumentation of the Bankandi-Loffing catchment; and (d) Sub-catchments
and instrumentation of the Mebar catchment (Digital Elevation Model: [64]; country outlines (a): [65]).
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According to the soil classification of the World Reference Base [66], Plinthosols are the predominant
soil types in the investigated area (Figure 2). They cover 50% of the Mebar catchment area and 73% of
the Bankandi-Loffing catchment area. Cambisols and Gleysols are the second most observed soil types
in the area. Cambisols and Gleysols account for 29% and 9% of the Mebar catchment, respectively,
and each of the Cambisols and Gleysols represent 11% of the Bankandi-Loffing catchment. The texture
of Plinthosols varies with soil depth from loam to clay whereas for Gleysols and Cambisols, the texture
changes from clay loam or silt loam to silt clay loam. Plinthosols are frequently observed in uplands of
inland valleys while Gleysols and Cambisols are located in the valley bottoms.
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Figure 2. Soil maps of the investigated catchments. (a) Bankandi-Loffing, (b) Mebar (Dataset: [67]).

The vegetation is mainly of savanna type (a mix of shrubs, trees, and herbs) in both of the
catchments (Figure 3). The savanna covers 40% of the Bankandi-Loffing catchment and 41% of
the Mebar catchment. The forest coverage is considerably higher in Bankandi-Loffing (20% of the
catchment area) than in Mebar (7% of the catchment area). The most cultivated food crops are
millet (Panicum miliaceum), sorghum (Sorghum bicolor), and maize (Zea mays). Millet and sorghum
are cultivated in 19% of the Mebar catchment area and 11% of the Bankandi-Loffing catchment area.
Approximately 8% to 10% of both catchment areas are used for maize cultivation. Rice (Oryza sativa
or Oryza glaberrima) is mainly cultivated in the valley bottoms of the inland valleys and is grown in
4% of the Mebar catchment area and 3% of the Bankandi-Loffing catchment area. Cotton is the major
cash crop and accounts for 11% of the Bankandi-Loffing catchment area and 9% the Mebar catchment
area. Grasslands in Mebar (9% of the catchment area) and Bankandi-Loffing (5% of the catchment area)
are used for cattle grazing.
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2.2. Observed Hydrological and Meteorological Data

While remote sensing climate data can be used for hydrological modeling at the mesoscale [59],
at local scales such as the Bankandi-Loffing or Mebar catchments, this is hardly possible. The spatial
resolution of remote sensing data products is too coarse for small scale studies as they range from 0.03◦

to 1◦ with an average resolution of 0.275◦ [69–71]. Therefore, in this study, an intensive instrumentation
was undertaken in the investigated catchments. The installed and operated observation network
consisted of five stream gauges, 43 piezometers in the shallow aquifer (depth < 5 m, with one of the
piezometer (Lo23) equipped with a data logger), three rainfall recorders, two weather stations, and one
soil moisture station (see Figure 1c,d for the spatial distribution of the instruments in the catchments).

Three-year time series data (2014–2016) were collected in both catchments. The temporal
resolutions were 5 to 10 min for weather data (rainfall, air temperature, relative humidity, global
radiation, and wind speed), 5 min for the discharge, 30 min for the soil water recording and the
piezometer equipped with a data logger (Lo23), and weekly for manually measured piezometers and
soil moisture.

The overview in Figure 4a–e shows that precipitation is concentrated in a unimodal rainy season
(June to October). The daily precipitation exceeds 30 mm frequently. Therefore, the area is characterized
by strong rainfall [10].
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BaLof: outlet of Bankandi-Loffing; Me-low: outlet of Mebar).
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The streams in Figure 4f are ephemeral as most of them flow only during the rainy season.
Base flow lasts longer in the Bankandi-Loffing (BaLof) and Mebar-low (Me-low) (Figure 1) stream
stations compared to the other stations. This can be attributed to the contribution of the shallow aquifer
to the flows in inland valleys.

The groundwater table as measured by the piezometer Lo23 shows a quick reaction to rainfall,
which means that the shallow aquifer is replenished during the rainy season. In the dry season,
groundwater level decreases steadily.

High temperature and wind speed as well as low humidity observed in the dry seasons (November
to April) (Figure 5) characterize the Harmattan, which is the strong dry and hot wind that blows from
the Sahara Desert through the study area during that period.
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Figure 5. Daily mean of the observed (a) global radiation (G. rad), (b) air temperature at 2 m height
(Temp), (c) relative humidity (RH), and (d) wind speed at the two weather stations Met. Ba and Met.
Fond from 2014 to 2016 (see Figure 1 for the locations of the weather stations).

The slug test method after Bouwer and Rice [72,73] was used to estimate the hydraulic conductivity
in 36 piezometers. The results (Table 1) were used in the parameterization of the hydrological model.
It shows a large variability of Ks in the area (10−8 to × 10−5 m s−1). This large range may be explained
by the variation of the geological formations that vary from alluvium in the valley bottoms to saprolites
in the slope and uplands.
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Table 1. Statistics of the measured saturated hydraulic conductivity using the slug test in 36 piezometers.

Ks (m s−1) Ks (cm d−1)

Minimum 1.0 × 10−8 0.1
Maximum 1.2 × 10−5 103.2

Mean 1.6 × 10−6 13.8
Percentile 25% 1.3 × 10−7 1.1

Median 8.7 × 10−7 7.5
Percentile 75% 1.6 × 10−6 14.1

The valley bottoms tend to have alluvial materials on the top of saprolites. Therefore, the recharge
of the weathered saprolite aquifer and the underlying migmatitic or granitic aquifer mainly depends
on the hydraulic conductivity of the alluvial materials. This process is well described in a similar
catchment in northern Benin [74]. The alluvium of the valley bottoms consists of sand or sandy loam
and is permeable. Nevertheless, if they are made of silt or clay, their permeability is reduced.

The measured Ks was similar to the Ks of a fractured igneous and metamorphic rock [75]. However,
caution is needed when using slug test data because they correspond to Ks at the vicinity of the
investigated wells.

2.3. Methods

2.3.1. Hydrological Modeling

The Bankandi-Loffing and Mebar catchments were modeled using the grid-based, deterministic,
and mainly physically-based hydrological model WaSiM (water flow and balance simulation model,
version 9.10.01). Figure 6 is the schematic representation of WaSiM showing the hydrological processes
applied in this study.

The input data include point meteorological data and gridded data. The point meteorological
data were interpolated to gridded data using inverse distance weighting (IDW). The gridded input
data include the land use/land cover (LULC) map at 5 m resolution [68] and the soil map at 90 m
resolution [67]. The digital elevation model was based on the Shuttle Radar Topography Mission (SRTM)
at 30 m resolution [64] using the topographic analysis program TANALYS [46]. These gridded data
include catchment and sub-catchment delineations, stream network, slope, and aspect. The uniform
grid-cell size of 30 m was applied for the discretization of the model.

Potential evapotranspiration was computed using the Penman–Monteith approach [76,77].
The evaporation from bare soil, open water bodies, and interception surfaces was computed separately
from the transpiration from plants.

Actual evapotranspiration depends on the actual soil water content, capillary pressure, and LULC.
It also considers the transpiration reduction due to oxygen or dryness stress [46,78].

Interception evaporation is conceptually modeled using a bucket approach and the interception
parameters such as interception capacity (IntercepCap) and the leaf area index (LAI), which were defined
for each of the four parameterized LULC types (croplands, savanna, settlements, and water bodies).

Infiltration into the unsaturated zone is physically modeled utilizing the Richards equation [47,79].
The van Genuchten equation [48] was employed for the numerical solution of the discrete form of
the Richards equation. Sixteen numerical layers of various thicknesses were defined for each of the
eleven parameterized soil categories (Figure 2). The total soil and shallow groundwater depth of 10 m
was modeled.

Surface runoff is based on infiltration excess approach. Interflow is produced from a layer if the
suction is equal or greater than a 3.45 m water column and the slope is significantly different from zero.

Base flow is computed conceptually using an exponential equation. Total discharge is the sum of
surface runoff, interflow, and base flow. The Manning equation was utilized for discharge routing.
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Groundwater table depth was determined by the relationship between the unsaturated zone
model and groundwater model.Hydrology 2020, 7, x FOR PEER REVIEW  10 of 30 
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Figure 6. Schematic representation of the water balance simulation model (WaSiM) with the
implemented modules [46].

The model was calibrated for two years (2014–2015) and validated during 2016 at an hourly time
step. A warmup period of six years was applied by repeating the climate variables of 2013 (rainfall,
air temperature, air humidity, global radiation, and wind speed). This was necessary to stabilize the
model and to obtain an initial model state close to the observed initial hydrological conditions.

Soil properties including saturated hydraulic conductivity (Ks), soil water at saturation (θs),
residual soil water (θr), and van Genuchten parameters (n, α) were measured or computed using
pedotransfer functions [80,81]. The LULC parameters such as root-depth, albedo, canopy surface
resistance (rsc), evaporation surface resistance (rse), interception surface resistance (rsi), leaf area index
(LAI), and vegetation cover fraction (VCF) were adapted from Yira et al. [81]. The parameterization
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in this study was based on Yira et al. because Bankandi-Loffing and Mebar are sub-catchments of
their catchment.

The ranges of the optimized parameters (Table 2) were also adapted from Yira et al. [81].
The simulation environment for uncertainty and sensitivity analysis (SimLab 2.2; European
Commission, [82]) software was utilized for the sampling and 200 parameter-sets were generated for
each model. Latin Hypercube sampling was applied in order to ensure a fully stratified sampling of
each parameter [83,84].

Table 2. The optimized water balance simulation model (WaSiM) soil and evapotranspiration parameters.

Sub-Model Parameter Definition Unit Range

Soil dr Drainage density m−1 1–110
kd Storage coefficient for surface runoff h 10–110
kh Storage coefficient for interflow h 10–110
Ks Saturated hydraulic conductivity if the soil m s−1 10−7–10−5

kr Reduction factor for Ks with depth - 0–1
Q0 Scaling factor for base flow - 0.1–2.5
kb Storage coefficient for base flow M 0.1–2.5

ETp rsc Canopy surface resistance s m−1 40–100
rse Evaporation surface resistance s m−1 40–100

2.3.2. Model Performance Estimation

A multi-criteria approach was applied for model performance estimation in order to account for
the deficiency of a single criterion approach [85]. The objective functions include the Nash–Sutcliffe
Efficiency (NSE) [86], the Kling–Gupta Efficiency (KGE) [87,88], the coefficient of determination
(R2) [89], and the percent bias (Pbias) [90].

NSE, KGE, R2, and Pbias were computed by Equations (1)–(4), respectively. Equation (4) was
modified from Moriasi et al. [90].

NSE = 1−

∑n
t=1(Xs,t −Xo,t)

2∑n
t=1(Xo,t − µo)

2 (1)

KGE = 1−
√
(R− 1)2 + (β− 1)2 + (γ− 1)2

β =
µs
µo

γ = CVs
CVo

=
σs/µs
σo/µo

(2)

R2 =


∑n

t=1(Xs,t − µs)(Xo,t − µo)√∑n
t=1(Xs,t − µs)

2∑n
t=1(Xo,t − µo)

2


2

(3)

Pbias =
∑n

t=1(Xs,t −Xo,t)∑n
t=1(Xo,t)

∗ 100 (4)

where n is the total number of time steps; Xs,t is the simulated discharge at a time t; Xo,t is the observed
discharge at a time t; µs is the mean of the simulated discharges; µo is the mean of observed discharge;
CVs is the coefficient of variation of the simulated discharge; CVo is the coefficient of variation of
observed discharge; σs is the standard deviation of the simulated discharge; and σo is the standard
deviation of the observed discharge.

The optimization of the model was oriented toward maximizing each of the first three objective
functions (R2, NSE, and KGE) for discharge with a perfect model yielding in 1 for each of them.
R2 ranged from 0 to 1, whereas NSE and KGE ranged from −∞ to 1. Concerning Pbias, the optimal
value is zero and it ranges from −100% to +∞. The positive Pbias is equivalent to overestimation and
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the negative value is underestimation of the discharge by the model. A model was assessed as being
satisfactory when NSE > 0.5 and −25% < Pbias < +25% [90]. A lower satisfactory limit of 0.5 was also
considered for KGE.

The most optimal parameter-set is assumed to be the one with the highest KGE for discharge.
This is due to the fact that KGE not only incorporates R2 in its equation, but also accounts for both
conditional and unconditional biases [87,91]. According to Equation (2), maximizing each of the
components of KGE will result in maximizing KGE [88].

R2 was not chosen to select the optimal simulation as it is susceptible for systematic errors. The use
of only R2 for model performance estimation might be misleading [85].

Although NSE is the most employed dimensionless objective function in hydrological modeling,
it has been criticized for using mean observed discharge as the baseline. This might lead to
overestimation of model performance when a significant seasonal variation of runoff is observed [87].

2.4. Spatial Transposability of the Hydrological Model

The robustness of the hydrological model was estimated by investigating its spatial transposability
of the hydrological model from Bankandi-Loffing to Mebar. The Bankandi-Loffing catchment was
first calibrated and validated. The resulting parameter-set that gives the best simulation for discharge
was then transferred to the Mebar catchment without recalibration. Therefore, the land use table for
land use/land cover parameters and the soil table for soil parameters in WaSiM were not changed.
In total, four land use/land cover classes and eleven soil types were modeled. The robustness of the
hydrological model was evaluated by quantifying the Mebar model performance for discharge using
the numerical indicators (R2, NSE, KGE, Pbias) and the graphical method.

3. Results and Discussion

3.1. Calibration and Validation of the Bankandi-Loffing Model

3.1.1. Model Performance

WaSiM performed very well, as shown by the objective functions (Table 3). NSE, KGE, and R2

were larger than 0.5 in most cases in the calibration and the validation periods. In general, the model
performed as well in the upstream area (Bankandi-north) as in the overall catchment (Bankandi-Loffing).
R2 ranged from 0.47 to 0.95, NSE from 0.40 to 0.95, and KGE from 0.57 to 0.84 at the outlet and at the
Bankandi-north stream station and for the calibration and validation periods. The slight decrease in the
model performance might be attributed to overcalibration as the best simulation was selected based on
the highest value of the objective functions [56]. Pbias ranged between 1.6 and 29.4%, indicating a
slight overestimation of the discharge by the model.

Table 3. Model performance for daily simulated values for the upstream area Bankandi-north (BaN)
and the outlet of the Bankandi-Loffing (BaLof) catchment.

Calibration (2014–2015) Validation (2016)

BaLof BaN BaLof BaN

R2 0.91 0.95 0.82 0.47
NSE 0.88 0.95 0.77 0.40
KGE 0.82 0.84 0.57 0.68

Pbias (%) 15.9 12.4 29.4 1.6
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In addition to the assessed numerical model performance, the visual performance of the model,
which is illustrated by the hydrographs in Figures 7 and 8, revealed very good results for the upstream
area and the overall catchment. Temporal dynamics as well as most of the high and low flows were
well simulated in the calibration and validation periods. However, as already shown previously in the
numerical performance analyses, the model performed better in the calibration period when compared
to the validation period, especially at the Bankandi-north station. Some peaks were not well captured
by the model at that station. This is partly due to the quality of the observed discharge data as a sensor
dysfunction was noted in the period.
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The comparison of the spatial mean simulated soil moisture and observed top soil (10 cm depth)
moisture at Lare (Figure 1c) during 2014 showed good agreement (Figure 9). It should be noted that
the model was not calibrated for soil moisture as most of the soil parameters were measured in the
field or laboratory. Each of the calculated objective functions (R2, NSE, and KGE) were higher than 0.5.
The graphical comparison showed good agreement between the simulated and observed soil moisture
and the model simulated the initial soil moisture well. This indicates that the applied six-year warmup
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period is sufficient to stabilize the model. Although some discrepancies can be observed in the rainy
season and the dry season, the temporal dynamics were well captured overall. Good top soil modeling
is important for runoff generation and partitioning between different soil layers and the aquifer.
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In addition to the soil moisture, the model was validated by comparing the average simulated
monthly groundwater level at the outlet sub-catchment (Loffing) with the observed groundwater
level at the piezometer Lo23 located at the outlet of the catchment (Figure 1c). The comparison was
done after subtracting the elevation difference between the piezometer and the Loffing sub-catchment
from the areal simulated groundwater level. Figure 10 suggests a short delay of some simulated
groundwater level peaks compared to the observed peaks. This leads to unsatisfactory results with
regard to R2 and NSE. However, in general, the temporal dynamics and the amplitudes of variations
are acceptable with a KGE of 0.5.
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3.1.2. Water Balance

A considerable inter-annual variation of rainfall was observed during the three year period of
monitoring (Table 4). The difference in annual rainfall between the years 2014 and 2015 was 223 mm
(21% of the mean annual rainfall).

The actual evapotranspiration (ETa) represented 45% of the potential evapotranspiration (ETp).
This indicates a water limited and not an energy limited catchment. During the dry years (2014 and
2016), decreases of soil water storage were observed whereas in the wet year of 2015, an increase in
soil water storage was noted. This is indicated by a negative change in storage (delta S) in the former
years and positive delta S in the latter year (Table 4). The succession of dry and wet years resulted in a
more or less stable system from 2014 to 2016 with a relatively low annual mean delta S for the overall
Bankandi-Loffing catchment (delta S = −12 mm). This means that water stored in the soil and aquifers
during the wetter years is lost through evapotranspiration and groundwater flow during the dry years.
Therefore, consecutive dry years similar to that in 2014 will not only jeopardize the livelihoods of the
majority of the farmers who practice rainfed agriculture, but will also affect the general hydrological
processes and water resources.

At the catchment scale of Bankandi-Loffing, the evaporation was five times as high as the
transpiration. This can be explained by the long dry season of seven to eight months per year, in which
most farmers cease activities, the herbaceous vegetation dries out completely, and most of the trees lose
their leaves in savanna areas. This leads to a significant reduction of transpiration by plants. However, a
relatively higher coverage of permanent plants (forest) in the Bankandi-north sub-catchment compared
to the Bankandi-south and the Loffing sub-catchments can partially explain the significant difference
of transpiration between the former and the latter sub-catchments.

The observed variability in annual rainfall led to a more pronounced variation of the observed
runoff volume. For instance, the variation of rainfall from 2014 to 2015 was 21% of the mean
annual rainfall, but the increase in total runoff was approximately four times the increase in rainfall
(approximately 88% of the mean runoff). The overall coefficient of variation of total runoff was 36% of
the mean annual runoff during the observation period (2014–2016). The mean total runoff coefficient at
the outlet was 14% of the mean annual rainfall, but there was a significant contrast between upstream
sub-catchments (Bankandi-south and Bankandi-north) and the downstream sub-catchments (Loffing).
The highest runoff coefficient was obtained at the downstream sub-catchment due to a high contribution
of base flow to streamflow. The high contribution of base flow can be explained by the shallowness of
the groundwater table at this sub-catchment compared to the upland sub-catchments.
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Table 4. Average annual water balance in mm/a at the Bankandi-Loffing catchment for the years 2014–2016.

P ETp ETa EIa Ea Ta E/Ta Qt Qs Qi Qb Sim.Cr (%) Obs.Cr (%) Delta S

2014

BaS 969 2077 906 60 699 147 5 106 33 67 5 11 - −43
BaN 925 1985 932 59 712 162 4 65 32 25 8 7 6 −72
Lof 968 1941 868 57 675 136 5 130 38 17 75 13 - −30

BaLof 955 1965 890 58 688 145 5 108 36 23 49 11 8 −43

2015

BaS 1116 2158 898 56 676 165 4 195 72 108 15 17 - 23
BaN 1172 2044 930 60 696 174 4 161 76 59 26 14 14 81
Lof 1189 2012 880 57 674 148 5 224 83 34 107 19 - 85

BaLof 1178 2033 897 58 681 157 4 203 80 47 75 17 19 78

Calibration
(2014–2015)

BaS 1042 2118 902 58 688 156 4 150 52 88 10 14 - −10
BaN 1048 2014 931 60 704 168 4 113 54 42 17 11 10 4
Lof 1078 1976 874 57 674 142 5 177 60 26 91 16 - 28

BaLof 1066 1999 894 58 684 151 5 156 58 35 62 15 14 18

Validation (2016)

BaS 933 2053 939 62 709 168 4 67 14 47 6 7 - −73
BaN 980 2119 997 66 755 176 4 73 24 31 18 7 17 −90
Lof 1019 1992 927 61 712 154 5 154 29 18 106 15 - −62

BaLof 1001 2036 949 63 725 162 4 122 26 24 71 12 14 −70

Annual mean
(2014–2016)

BaS 1006 2096 914 59 695 160 4 123 40 74 9 12 - −31
BaN 1026 2049 953 62 721 171 4 100 44 38 17 10 12 −27
Lof 1059 1982 892 58 687 146 5 169 50 23 96 16 - −2

BaLof 1045 2011 912 60 698 155 5 144 47 31 65 14 14 −12

BaLof: Overall catchment of Bankandi-Loffing (30 km2); BaN: Bankandi-north (9 km2); BaS: Bankandi-south (2 km2); Lof: Loffing (19 km2); P: precipitation; ETp: potential evapotranspiration;
ETa: total actual evapotranspiration; EIa: actual interception evaporation; Ea: actual evaporation from bare soil and open water surfaces; Ta: actual transpiration; E: total actual evaporation
(Ea + EIa); Qt: total runoff; Qs: surface runoff; Qi: interflow; Qb: base flow; Sim.Cr: simulated total runoff coefficient; Obs.Cr: observed total runoff coefficient; Delta S: change in storage.
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Table 4 also indicates that interflow is the main runoff component in the Bankandi-south
sub-catchment and represents 60% of the total runoff. It is noteworthy that interflow decreases from
the upstream sub-catchments to the downstream. Yira et al. [81] obtained 56% on average between
2011 and 2014 and 59% in 2014 while modeling a 6.5 times larger catchment than Bankandi-Loffing.
In a similar catchment in northern Benin simulated for the period 1998–2004 by Cornelissen et al. [92],
the interflow was 65% of the total runoff using the UHP-HRU model and 38% using WaSiM. Based on
field experiments, the authors conclude that UHP-HRU has a better representation of the hydrological
dynamics of the catchment. Moreover, in the Volta basin, Kasei [49] found 68% interflow at the
northern area and 60% at the southern area where the Dano catchment is located. However, interflow
is not the dominant runoff component in the other Bankandi-Loffing sub-catchments. For instance,
in Bankandi-north, surface flow is the most dominating component of runoff (44% of total runoff) and
in the Loffing sub-catchment and the overall Bankandi-Loffing catchment, base flow largely dominates
streamflow (57% and 45% of total runoff, respectively). An increase of base flow was noted from the
upstream to downstream section. The comparison between observed base flow [93] was estimated
using analytical hydrograph decomposition and the simulated base flow showed close similarities.
For instance, the observed base flow at Bankandi-south, Bankandi-north, and Bankandi-Loffing
represented 9%, 16%, and 42% of the total runoff, respectively, and the simulated base flow was
7%, 17%, and 45% for the respective sub-catchments. The difference between these findings and the
previously cited studies is due to the fact that a considerable part of the downstream area of the
investigated catchment is occupied by valley bottoms of inland valleys. The proximity of the aquifer
level to the ground surface allows for a significant contribution of base flow in valley bottoms.

It is also important to recall that the partitioning of runoff into its components is not only influenced
by rainfall intensity and physical properties of soil and slope, but also by the hydrological conditions
of the catchment before flood events [94]. Furthermore, macropore density and distribution drive
runoff component generation in the West African savanna. For instance, Giertz et al. [95] reported
219 bio-pores per m2 in a savanna plot of a catchment in northern Benin, whereas only 60 bio-pores
were counted in the cultivated field. With the conversion of savanna to croplands in the Dano
catchment [81,96], the current pattern of runoff components is likely to change in favor of surface flow.
This might lead to significant soil fertility loss due to high soil erosion [97]. Therefore, an improvement
of the current traditional water and soil management should be planned.

3.2. Transfer of Bankandi-Loffing Parameters to the Mebar Model without Recalibration

The parameter-set that gave the highest KGE during calibration and validation of the
Bankandi-Loffing model was directly applied to the Mebar model without recalibration and the
calculated model performance (Table 5) showed very good results during the years 2014–2015.
The Mebar model performed even better than Bankandi-Loffing during the period 2014–2015. R2, NSE,
and KGE were approximately 0.3 point higher in Mebar than in Bankandi-Loffing.

Table 5. Non-recalibrated Mebar model performance in the period 2014–2015 and 2016.

2014–2015 2016

R2 0.93 0.65
NSE 0.92 0.64
KGE 0.84 0.59

Pbias (%) 0.9 11.9

R2: Coefficient of determination; NSE: Nash–Sutcliffe Efficiency; KGE: Kling–Gupta Efficiency.

However, in 2016, the Mebar model resulted in a R2 and NSE lower than the Bankandi-Loffing
model, but the values of the objective functions remained higher or equal to 0.6. In contrast to R2 and
NSE, the Pbias was significantly improved in the Mebar model (12%) compared to Bankandi-Loffing
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(29%) in 2016. Regarding KGE, the performance difference between the non-recalibrated Mebar model
(KGE 0.59) and the Bankandi-Loffing model (KGE 0.57) was negligible during 2016.

Moreover, while the hydrograph (Figure 11) shows that the non-recalibrated Mebar model had
fallen slightly short in matching some peaks, the performance was good in general.
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The numerical and graphical Mebar model performances showed good results in both periods
of 2014–2015 and 2016. Therefore, the transfer of the parameters from the Bankandi-Loffing model
to Mebar can be assessed as a success. However, it is important to note that the calibration and
validation period of the initial Bankandi-Loffing model and the transfer period for Mebar were identical
(2014–2016). The period is characterized by two dry years separated by a wet year. These findings
therefore need to be tested for longer time periods and in different climate conditions in order to fully
evaluate the robustness of the model in transferring parameters from one catchment to another.

3.3. Recalibration and Validation of the Mebar Model

The Mebar model was calibrated for 2014–2015 and validated for 2016 in order to establish a
reference Mebar model for evaluating the quality of the parameter transfer. The summary (Table 6)
indicates an improvement in model performance with the recalibration. Each objective function (R2,
NSE, and KGE) was greater than 0.9 in the calibration period and 0.7 in the validation year. The increase
of R2 and NSE (0.02 in calibration period and 0.06 in validation period) with the recalibration was
lower than the increase of KGE (0.11 in calibration and 0.12 in validation periods) during both the
calibration and the validation periods. This may be explained by the combined effect of the increase in
R2 and NSE. KGE is a function of the correlation coefficient, which in itself is the square root of R2,
the bias ratio, and the variability ratio, which can be estimated in NSE [88].

Table 6. Mebar model performance for the calibration and validation periods.

Calibration (2014–2015) Validation (2016)

R2 0.95 0.71
NSE 0.95 0.70
KGE 0.96 0.70

Pbias (%) 1.9 11.5

R2: Coefficient of determination; NSE: Nash–Sutcliffe Efficiency; KGE: Kling–Gupta Efficiency.
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The comparison of the simulated hydrograph and measured hydrograph (Figure 12) showed
a good agreement between the hydrographs and was consistent with the numeric model
performance assessment.
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The water balance of the best simulation of the Mebar model (Table 7) revealed many similarities
with Bankandi-Loffing. The actual evapotranspiration (ETa) was 85% of rainfall, physical evaporation
accounts for 79% of ETa, and only 45% of the potential evapotranspiration (ETp) could actually
evaporate in the form of ETa given the water limited conditions of the area.

Table 7. Water balance components in mm per year of the Mebar model for the calibration and
validation periods.

Calibration (2014–2015) Validation (2016) Mean (2014–2016)

P 1008 1024 1013
ETp 1924 1848 1898
ETa 848 875 857
EIa 58 62 59
Ea 672 694 679
Ta 118 119 119
Qt 146 141 144
Qs 48 40 46
Qi 58 54 56
Qb 40 48 43

Sim.Cr (%) 14 14 14
Delta S 14 8 12

P: precipitation; ETp: potential evapotranspiration; ETa: total actual evapotranspiration; EIa: actual interception
evaporation; Ea: actual evaporation from bare soil and open water surfaces; Ta: actual transpiration; Qt: total runoff;
Qs: surface runoff; Qi: interflow; Qb: base flow; Sim.Cr: simulated total runoff coefficient; Delta S: change in storage.

In contrast to Bankandi-Loffing, instead of base flow, interflow is the main component of runoff

in Mebar (39% of total runoff), followed by surface flow (32% of total runoff). The contrast between
Mebar and Bankandi-Loffing can be partly explained by the difference in slopes and land use. A large
area of the Mebar catchment is located between the Ioba Mountains and is mostly covered by uplands
while the Bankandi-Loffing catchment is characterized by flat land and valley bottoms of the inland
valleys. The estimated mean slope is 5.1% with a standard deviation of 4.6% in the Mebar catchment,
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whereas the mean slope is 4.1% with a standard deviation of 3.1% in the Bankandi-Loffing catchment.
Concerning land use, croplands occupy a larger area in Mebar (42%) than in Bankandi-Loffing (33%).
The slope and land use may be responsible for the higher contribution of both surface runoff and
interflow in Mebar compared to Bankandi-Loffing.

3.4. Comparing Water Balance between Bankandi-Loffing and Mebar

The comparison of the mean annual water balance for Bankandi-Loffing (BaLof), Mebar before
(Meb_0), and after (Meb) recalibration (Figure 13) showed only 3% lower rainfall in Mebar models
(Meb_0 and Meb) compared to Bankandi-Loffing and no rainfall rate difference between Meb_0 and
Meb was noted. This could in part explain the similar simulated total runoff for the three models.
However, significant differences were noted between the simulated runoff components for the three
models and the variations of runoff components between the models did not indicate any trend.Hydrology 2020, 7, x FOR PEER REVIEW  21 of 30 
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Figure 13. Annual mean water balance for Bankandi-Loffing (BaLof), Mebar before recalibration
(Meb_0), and after recalibration (Meb) for the period 2014–2016. P: precipitation; ETp: potential
evapotranspiration; ETa: total actual evapotranspiration; Ea: actual evaporation from bare soil and
open water surfaces; Ta: actual transpiration; Qt: total runoff; Qs: surface runoff; Qi: interflow;
Qb: base flow; Delta S: change in storage.

Furthermore, the potential evapotranspiration (ETp) did not seem to continuously decrease
between the models, but the total actual evapotranspiration (ETa) and the actual transpiration (Ta) did.
If only Meb_0 and Meb are examined, it becomes clear that the recalibration led to reductions in ETp,
ETa, and Ta, while actual evaporation (Ea) increased. This behavior seems to be caused by the increase
of the mean canopy surface resistance (rsc) from 64 to 73 s m−1 and the evaporation surface resistance
(rse) increased from 50 to 52 s m−1 due to land use land cover differences.

Figure 14 presents monthly temporal variations of the water balance components. For very
intense rainfall conditions such as the conditions in September 2015, the peak of surface runoff was
higher than the interflow. Conversely, under moderate rainfall conditions like in September 2014 and
September 2016, the peak of surface runoff was lower than the interflow. However, the peaks of the base
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flow stayed lower than the surface runoff and interflow, but were sustained for a longer time compared
to the surface runoff and interflow. As for the transpiration, their rates were only considerable during
the rainy seasons (June to October). This is consistent with the field observations, which present
much reduced plant activities in dry seasons due to water unavailability. The herbaceous vegetation
completely dies out and most trees lose their leaves, therefore, most of their ability to transpire.Hydrology 2020, 7, x FOR PEER REVIEW  22 of 30 
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3.5. Transferred Model Parameter Values

Table 8 presents the final parameter values for land use/land cover and soil after calibration and
validation of the Bankandi-Loffing model and which were transferred to Mebar. Some parameters
such as the thresholds for oxygen stress (TReduWet) and hydraulic head for starting dryness stress
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(HReduDry) both used for calculating transpiration were constant and were not optimized in this
study. Oxygen stress was set to 5% of fillable porosity and the parameter HReduDry was set to 3.45 m
of water column, which is approximately the soil suction at the field capacity [47,98,99].

Table 8. Summary of the final WaSiM parameters for the Bankandi-Loffing catchment.

Parameter Description Unit Value

Land use/land cover

RootDistr Root distribution - 1 (linear)
TReduWet Threshold value for starting oxygen stress due to nearly

water saturated
- 0.95

LimitReduWet Maximum reduction of transpiration due to oxygen stress - 0.5
HReduDry Hydraulic head (suction) value for starting dryness stress m H2O 3.45

IntercepCap Specific thickness of the water layer on the leaves mm 0.0–0.3
Albedo Albedo - 0.10–0.23

rsc Canopy surface resistance for transpiration s m−1 0.2–55.8
rsi Interception surface resistance s m−1 80
rse Evaporation surface resistance for bare soil s m−1 0.2–77.4

LAI Leaf area index - 0–5
Z0 Aerodynamic roughness length M 0–1

VCF Vegetation cover fraction - 0.0–0.7
RootDepth Root depth M 0.0–1.8

Soil

Ks Saturated hydraulic conductivity m s−1 3.1 × 10−7 to 9.8 × 10−6

kr Recession of Ks with depth - 0.01–0.99
θs Saturated water content - 0.34–0.55
θr Residual water content - 0.03–0.09
α van Genuchten empirical parameter m−1 0.5–5.0
n van Genuchten empirical parameter - 0.36–1.35

thickness Thickness of a single numerical layer m 0.1–0.7
layers Number of numerical layer per horizon - 1–13

dr Drainage density m−1 46–93
kd Storage coefficient for surface runoff h 12–77
kh Storage coefficient for interflow h 14–110
q0 Scaling factor for base flow m 0.10–2.46
kb Storage coefficient for base flow mm h−1 0.20–1.45

Minimum values for the parameters canopy surface resistance (rsc), evaporation surface resistance
(rse), albedo, leaf area index (LAI), vegetation cover fraction (VCF), specific thickness of the water
layer on the leaves (IntercpCap), and aerodynamic roughness length (Z0) were set for open water
bodies. This ensures the maximum evaporation rate from the open water bodies. The root depth in
savanna is deeper than in the other land use classes as savanna has higher tree and shrub density
compared to croplands and settlements. In general, the land use parameters selected in this study
are realistic because the estimated potential evapotranspiration was in the acceptable range of the
region [81,92,100–102].

The range of saturated hydraulic conductivity (Ks) was based on field measurements. For the
first two soil horizons, soil analysis and pedotransfer functions, which estimated soil hydrological
properties from soil texture and bulk density, were applied while for the third horizon, results from
the slug test results were used. The Ks values corresponded to loam, clay loam, or silt clay loam
texture, which is in line with previous studies in the region [50,93,95]. The saturated soil moisture (θs),
the residual soil moisture (θr), and the van Genuchten empirical parameters (α, n) were estimated
using a soil survey data and pedotransfer functions [50].

Effective parameters cannot be measured, therefore, the values of sensitivity analysis were used in
this study [81,103]. That is, the case of drainage density (dr), storage coefficient for surface runoff (kd),
storage coefficient for interflow (kh), storage coefficient for base flow (kb), and scaling factor for base
flow (q0). Given that the effective parameters have no physical meaning, their reasonableness is
indirectly judged on the basis on the quality of the simulations.
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4. Conclusions

This study successfully tested the robustness of the hydrological model WaSiM in two data
sparse small-scale catchments of Burkina Faso. It is one of the rare studies in West Africa where the
multivariate model performance approach is coupled with the spatial transposability of a hydrological
model to evaluate the robustness of the predictions.

This has been possible because of an intensive instrumentation of the two ungauged catchments.
Two weather stations recording rainfall, air temperature, global radiation, relative humidity, and wind
speed were installed and operated during the three-year field investigation period. To account for high
spatial rainfall variability, three additional rain recorders were uniformly installed in the catchments.
Five stream gauges, 43 piezometers, and one soil station were part of our instrumentation. High spatial
and temporal resolutions of hydrological, meteorological, and spatially distributed data (soil, LULC,
topography, etc.) were collected.

The collected data allowed us to successfully parameterize, calibrate, and validate the
physically-based hydrological model WaSiM for the Bankandi-Loffing catchment. The four applied
objective functions (R2, NSE, KGE, and Pbias) suggest that WaSiM performed well in modeling the
discharge of the small-scale inland valley catchment. R2, NSE, and KGE ranged from 0.6 to 0.9,
and Pbias was lower than 30% during the calibration (2014–2015) and validation (2016) periods.

In addition to the discharge, the model performance was assessed for soil moisture and
groundwater table depth. The result suggests that the multivariate model performance assessment
was successful. Soil moisture and groundwater table depth were in general well modeled and the
initial soil moisture conditions were well reproduced by the model.

The robustness of the model was evaluated by investigating the spatial transposability of the
hydrological model from the Bankandi-Loffing to Mebar model. The best parameter-set resulting
from the calibration and validation of Bankandi-Loffing was transferred to Mebar without any
recalibration of the Mebar model. The results clearly show a very good performance of WaSiM.
Therefore, the parameter-set achieved in this study can be useful for ungauged inland valley small-scale
catchments in the region. However, considering that this investigation occurred for the same period
and that the investigated period was relatively short, the robustness of the model should be tested for
longer periods in different climates and catchment conditions.

The analysis of the water balance indicates that evapotranspiration is quantitatively the
most important hydrological process in the area and that physical evaporation largely dominates
evapotranspiration. The average annual loss of 688 mm (approximately 67% of annual rainfall) is
due to the fact that evaporation does not contribute to biomass production. Therefore, evaporation
reduction techniques such as agroforestry or mulching can be implemented as part of the effort for
better management of soil and scarce water resources. Moreover, 14% of annual rainfall runs out of
the catchment as total discharge without being used. Therefore, soil water management techniques
could be set up in order to slow down the surface flow and thereby increase the infiltration and soil
water availability, while keeping the impact on downstream in an acceptable range. The success
of the implementation of the water resource management depends on the level of involvement
of stakeholders.

Interflow dominates runoff in the Mebar catchment and upstream area of Bankandi-Loffing
whereas base flow is the major runoff component in the downstream area of Bankandi-Loffing,
which has a large area of inland valley bottoms. Due to the trend of conversion of savanna into
croplands as a result of population growth, surface flow will presumably increase, leading to an increase
in soil erosion. Consequently, adaptation strategies should be planned accordingly. Supplementing the
current erosion technique (stone-belt) with agroforestry and/or mulching might be considered.
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