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Abstract

Best Management Practices (BMPs) have proven to be effective in reducing erosion, sediment yield, and nutrient loss. However,
there is little information on their effects on annual inflow. This study used the SWAT model to delineate the S hiroro Dam, divide
it into 18 subbasins and 35 hydrological response units, and further modifies the curve number and support practice factor to
represent terrace, contour, and strip cropping on the agricultural land. The research calibrated and validated the inflow data from
2011 to 2021. Sequential Uncertainty Fitting (SUFI12) algorithm was used to perform calibration and validation. Whereas the
objective function used was Nash-Sutcliffe efficiency (NSE). Other performance indices identified included the coefficient of
determination (R?), P-factor, r-factor, and Percent Bias (PBLAS). The results show that the NSE values ranged from 0.58 to
0.65 in the validation stage. It implies that the models are satisfactory. In addition, the sensitivity analysis revealed that saturated
hydrantic conductivity (SOL_K) was highly sensitive to inflow under terrace, contour, and strip cropping, with the bighest t-
statistic, implying that SOL._K influences the sinulated inflow in the catchment. The percentage reductions in inflow under ferrace,
contonr, and strip cropping were 23%, 8%, and 1.3%, respectively. It implies that terrace and contour implementations wonld
reduce annual inflow to the Shiroro Dam and serve as appropriate conservation practices in the study area.

Keywords: Discharge, Agricultural Best Management Practices, AreSWAT, SWAT model, SUF12, Shiroro Dam site.

1.0 Introduction

Traditional agricultural practices, compact soil layers, slow water infiltration, and increase runoff generation.
In addition, overflow discharge, water erosion, nutrient loss, sediment yield, and water infiltration are part of the
identified problems militating against Agricultural Best Management Practices. These menaces affect downstream
discharge [1, 2, 3, 4]. This excess discharge is dependent on the wrong agricultural practices and rainfall, leading
to excess surface runoff, eroded sediments, and dam sedimentation [1, 2, 3, 4]. The surface water and eroded
sediments from the River Kaduna and other rivers causes unstable reservoir discharge due to dam sedimentation,
which causes water scarcity for irrigation in dry season. Therefore, there is an urgent need to introduce and
implement BMPs, which would reduce unnecessary flow from agricultural land in the study area, as there are no
BMPs currently implemented in the Shiroro dam.

Best management practices (BMPs) are agricultural and structural measures designed in the field to reduce
streamflow, sediment yield, and runoff. Moreover, these practices contribute to the baseflow of surface flow
(7.8%) and groundwater (48.2%), respectively [3], but their quantitative impact on discharge remains poorly
understood for many African watersheds [1, 2, 3, 5]. This is especially relevant for the Shiroro Dam (watershed)
in Nigeria, where rapid agricultural practices are changing discharge, yet simulation of BMP scenarios and their
hydrological effects has not been conducted.

Physical-based models such as SWAT are widely used to predict how BMPs affect streamflow and sediment
at the watershed scale. These models have also helped identify critical erosion zones in India and Morocco and
found that combining structural and agricultural BMPs can reduce surface runoff by 4-22% and sediment yield
by 70—80%, while boosting baseflow and groundwater recharge [1, 3, 5]. Furthermore, a study in India found that
structural BMPs (66—70%) are more effective than agricultural BMPs (2-7%) in reducing eroded sediment at the
watershed scale. In Brazil and Ethiopia, SWAT simulations suggest that structural BMPs can reduce sediment
erosion by up to 40%, indicating their potential to lower surface runoff and reservoir sedimentation in large dams
[6, 2]. However, there is little review on the effect of conservation practices on annual reservoir discharge at
Shiroro Dam. SWAT has also been used in data-scarce or ungauged catchments. Hybrid SWAT-BiLSTM
strategies have improved streamflow simulation at daily resolution and enabled evaluation of multiple BMP
scenarios, including mulch, vegetative filter strips, and fertiliser management, resulting in significant reductions in
nitrogen and phosphorus loads [17]. At the same time, few studies indicate that BMPs such as check-dam, tail
water pond, Vegetative Filter Strips (VES), nutrient management, conservation tillage, contour farming, bench
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terrace, Cover Crops (CC), a combination of VFS and CC, conservation tillage, contour farming, consistently
reduce sediment and nutrient erosion [8, 1, 9, 5]. However, the effects of contour, terracing, and strip cropping
on streamflow are poortly understood.

Despite extensive global efforts, three gaps remain important to the Shiroro Dam catchment. First, there is a
clear geographic gap: BMP—hydrology modelling has been applied to large hydropower reservoirs worldwide, with
the most detailed SWAT-based BMP assessments in Asia, North Africa, Europe, and the United States of America
[10, 1, 6, 2, 3, 5]. Second, existing studies tend to prioritise sediment and nutrient reduction [4, 1, 6, 2, 10, 3, 5].
However, there is little review on the effects of conservation practices on annual discharge to quantify discharge
reduction. Third, evidence remains limited on which individual BMPs—such as contour farming, strip cropping,
and terraces — are appropriate for discharge reduction [1, 2, 3].

Computing how probable BMP scenarios would alter the extent, timing, and variability of discharge to Shiroro
Dam is essential for implementing BMPs around the farmland to protect and secure the hydropower production,
storage reliability, and downstream environmental flow; for guiding cost effective targeting of BMPs to critical
source areas, following evidence that spatially optimized BMP placement substantially increases watershed scale
benefits relative to untargeted implementation [1, 11, 12]; and for providing empirical evidence for Stakeholder in
water sector on the efficacy of nature based and BMPs interventions that can complement structural reservoir
operations for climate risk adaptation [1, 6, 2, 5]. The objectives of this research were as follows: (i) to predict the
discharge of Shiroro dam using SWAT model, and (ii) to evaluate agricultural BMPs and their effect on discharge
reduction of Shiroro dam.

2.0 Materials and Methods/Methodology
2.1 Description of the Study Area

The Shiroro Dam in North Central Nigeria is one of the primary hydroelectric storage facilities. The facility
has an initial installed capacity of 600 MW, a surface area of about 320 km2, a total storage capacity of 7 billion
m3 of water [13], and a crest length of 700 m [14]. It is located at latitudes 9° 46 '35" and 10° 08' 36" N and
longitudes 6° 50' 51" and 6° 53' 14" E (Figure 1). Approximately 70% of the discharge into the Shiroro reservoir
comes from the River Kaduna, while the remaining 30% originates from the rivers Dinya, Guni, Sarkin-Pawa,
Erena, and Muyi [15]. The study area experiences wet and dry seasons, with rainfall occurring from May to
October, and temperatures ranging from 27°C to 35°C [16]. The population of Shiroro Local Government Area,
where the dam is situated, was 235,665. Most residents engage in subsistence farming, fishing, hunting, trading,
and weaving [15, 10]. Its vegetation is predominantly savannah, with sparse woodlands consisting mainly of trees,
along with shrubs and grasses [16], and the primary soil type is luvisols [16]. Moreover, the terrain is characterised
mainly by gentle slopes [16].
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Figure 1: Locational map of Shiroro Dam

2.1 Theory of SWAT model
The SWAT model is a physically-based model developed to predict the impact of BMPs on eroded sediment,
nutrients, and streamflow [17, 18, 19] by dividing the watershed into subbasins and hydrologic response units
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according to the land use, soils, and slope steepness. This model used water-balance equations to determine the
available water in the channel of each subbasin [17, 18, 19], with channel routing to account for water movement
through the dam.

2.1 Theory of SWAT model

DEM provides data on the terrain (slope) and elevation of the study area, which affects runoff and water
infiltration. In this study, 2 30 m DEM resolution was downloaded from http://srtm.csi.cgiar.org.

The land use map categorises the Earth's surface into various land-use types. Global land use has a higher
resolution, which enhances model performance because it affects the curve numbers used in runoff calculation.
The land-use map was downloaded from https://www.usgs.gov. This data was used to produce the land use map
(Appendix I).

The global soil map provides data on soil textural classes, depth, and hydraulic conductivity, which influence
water movement and retention. It was derived from the harmonised digital soil map of the world, developed by
the Food and Agtriculture Organisation, and downloaded from http://www.fao.org. It was used to produce soil
map (Appendix II).

The climatic and hydrological data used were also collected from the Shiroro dam and the Solcast APIL. The
data covers from 2011 to 2021.

2.3 Watershed delineation and hydrological response units

The boundary of Shiroro Dam was delineated using the polygon tool from Google Earth. Afterwards, the
boundary was clipped to the digital elevation model using a standard procedure. The flow direction and
accumulation (area: 5,904 ha) were extracted from the DEM, which includes water (5,759.88 ha) and agricultural
land (144.4786 ha). The dam outlet was selected and defined before the model's sub-basin parameters were
calculated. The delineated area was divided into 18 subbasins and 35 Hydrologic Response Units (HRUs). HRUs
were generated using the multiple HRU option based on land use, soil type, and slope classes, with thresholds of
20% for land use, 10% for soil, and 20% for slope. The slopes of the delineated area were categorised into three:
0-10 % (4780.4266 ha), 10-20% (975.7604 ha), and above 20% (148.178 ha). The land-use and soil maps for the
delineated area reflect the watershed's processes. Meteorological data were prepared for the years 2011-2021. The
model input data was used to run the Soil Water Assessment Tool (SWAT), and the model was run for eleven (11)
years as shown in Figure 2.

6'45;37"5 6“51;40"5

[ Basin
Subbasins
1
B 2
| K]
4
s
[ [4
7
s
|
Il 10
i
I 12
I 13
I 14
Bl 15
B 16
I 17
[ Bt
Reach
* Qutlet
* Monitoring Point
LongestPath

IU“UI'U"N
T
N.0.0.0T

0 1000 2000 m
-

T T
6°45'37"E 6°51'40"E

Figure 2: Delineation of Shiroro Watershed

2.4 Selection of SWAT Input Parameters

Table 1 presents the selected SWAT input parameters. The parameters were selected based on these literature
reviews of related studies on streamflow prediction [15, 30]. The study employed the Latin hypercube method to
calibrate discharge by varying the SCS runoff curve number for moisture condition and the USLE equation
support practice factor in ArcSWAT.
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Table 1: Selected SWAT input parameters

S/N Minimum Maximum
SWAT Parameters Description of the parameters value value
1 SCS runoff curve number for moisture
r_ CNa.mgt condition -0.2 0.2
2 | v_ALPHA_BF.gw Alpha factor 0 1
3 v__GW_DELAY.gw Groundwater delay 30 450
4 v__GWQMN.gw Threshold water depth aquifer 0 )
5 r__GW_REVA P.gw Groundwater “revamp” coefficient 0 10
6 v__ESCO.hru Soil evaporation compensation factor 0 1
7 r__CH_N2.rte Manning’s ‘n’ value 0 3
8 Effective hydraulic conductivity in
r_ CH_KZ2.rte main channel alluvium 5 130
9 r__SOL_K().sol Saturated hydraulic conductivity 0.8 0.8
10 | v SOL_BD().sol Moist bulk density 0.5 0.6
11 r__SOL_AWC().sol Soil water storage capacity _0.2 4

2.5 Best Management Practices (BMPs)

BMP scenario modelling was conducted using the SWAT model to evaluate discharge reduction in the Shiroro
catchment. This study focused on common farming practices and integrated them into the SWAT model, such as
terracing, contouring, and strip cropping. The control practice is termed "no BMP." These BMPs have been shown
to reduce surface runoff by increasing infiltration, reducing water erosion, and lowering the amount of eroded
sediment [4]. However, their application was absent around the Shiroro dam site, where crops are cultivated. The
BMP scenario modelling mainly involved adjusting the curve number (CN2) and USLE Support Practice Factor
(P) based on a related study [22], but did not consider slope in the study area. Table 2 displays the modifications
made to SWAT input parameters in ArcSWAT to represent three BMPs. The SCS runoff curve number (CN2)
and the USLE support practice factor (P) were modified along with the slope of study area (Table 2). Following
these adjustments, the model for each practice was saved in the SWAT TxtinOut. These models were then used
to calibrate and validate contouring, strip cropping, terracing, and the control practice (no BMP). This approach
better reflects current local farming practices. This method enhances the ability of the model to simulate
hydrological responses more accurately in ABMP scenarios. Incorporating the SCS runoff curve number (CN2)
and the USLE support practice factor (P) addresses a key gap identified in previous studies, where reliant on
default parameters compromised model reliability for conservation planning.

Table 2: Modification of SWAT Input Parameters

S/N | BMPs SWAT Input | Original Modified value Slope (%)
Parameters Value

1 Terrace SCS tunoff curve 91 71 0-10
number (CN2)
USLE equation 1 0.10
support practice
factor (P)

2 Contour SCS runoff curve 91 75 3-5
number (CN2)
USLE equation 1 0.5
support practice
factor (P)

3 Strip SCS runoff curve 91 75 3-5

cropping number (CN2)

USLE equation 1 0.38
support practice
factor (P)

4 No BMP SCS  runoff curve 91 3-5
number (CN2) 1
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S/N | BMPs SWAT Input Original Modified value Slope (%)
Parameters Value
USLE equation
support practice
factor (P)

Furthermore, a potential reduction in monthly discharge was calculated as:
Reduction, % = 222 x 100 1)

Y1
where y, and y, represents the mean model outputs before and after the implementation of BMPs.

2.6 Model optimisation, calibration, validation and uncertainty analysis

Sensitivity analysis evaluates the effect of selected parameters on monthly discharge, concentrating on 11
parameters. The study used the Sequential Uncertainty Fitting algorithm (SUFI-2), which applies optimisation
within a Bayesian framework to calibrate and validate discharge [17, 18, 19, 20, 21, 22, 23, 24]. SUFI-2 helps to
identify the most sensitive parameters affecting discharge, which vary with watershed characteristics and data
input. The maximum, minimum and fitted values were shown in Table 1.

SUFI-2 algorithm was used to calibrate the discharge. Calibration involves comparing simulated discharge
with observed data from January 2011 to December 2018 and optimise model parameters. The objective function
used in this study was Nash-Sutcliffe efficiency (NSE), which measures how well the predicted values match
observations during calibration. Moreover, the validation involves comparing the discharge with observed
discharge which covers between January 2019 and December 2021, while keeping the eleven fitted SWAT input
parameters constant. The calibration framework combines sensitivity analysis and optimisation algorithms to
identify sensitive parameters and improve the accuracy of discharge simulations in watersheds.

Moreover, SUFI-2 algorithm was employed to analyse uncertainty in hydrological modelling due to its
robustness in the SWAT model. The parameter used to analyse the uncertainty include p and r factors and percent
bias. The p-factor ranges from 0 to 1, quantifying the proportion of recorded discharge data within the simulation
Uncertainty 95% (95PPU) band. Any value of p above 0.7 or 0.75 is okay. Moreover, R-factor also measures the
fraction of the mean 95% simulation Uncertainty width and the standard deviation of the observed discharge data,
and the appropriate value of r is less than 1.5 [7, 15]. Furthermore, the Percent Bias (PBIAS) also quantifies the
mean tendency of the predicted discharge comparative to the recorded discharge. The PBIAS with zero value
means the best fit. The PBIAS with a low value means better prediction. Its high value above 25% means
overestimation, while negative means underestimation [7, 30, 17, 23].

2.7 Model Performance Indices

The objective function employed to compare the predicted and observed discharge was Nash-Sutcliffe
Efficiency (NSE). Other indices identified were coefficient of determination (R?) and Percent Bias (PBIAS). These
indices were computed as follows:

Nash — Sutcliffe efficiency (NSE) = 1 . 2
2
. . . . 2N Zgi(Oi—Oavr)(pi_pavT)
Coefficient of determination (R*) = [Z’ii(oz—oaw)z 27 (Pi—Pavr)? 3)
Percent bias (PBIAS) = [Z:i(;i+foi);100] N

Where,

0; = i*"observed value,

O.vr = average observed value of the entire study period,
P, = it"simulated value,

P,yr = average of simulated value.

3.0 Results and Discussion

Table 3 presents monthly descriptive statistics for discharge from 2011 to 2021. In the study area, the wet
season is divided into three phases: onset, peak, and decline. The wet season begins in early April. June had an
average discharge of 273.1 m3/s, with a standard deviation of 101.92 m3/s. This streamflow increased sharply in
August to 1007.98 m3/s, with a high standard deviation of 210.52, which is 3 times the average discharge in June.
This streamflow surge was caused by rainfall and runoff. In addition, September had the highest average monthly
streamflow of 1451.95 m3/s, which is 5 times that of June, with a standard deviation of 461.58 m3/s. The
discharge had a range value of 1339.77, indicating flood-prone periods. The streamflow (discharge) decreased
from 1451.95 m3/s in September to 633.26 m3/s in October, indicating a 56% decrease. This finding is consistent
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with related work [25], which found that September had the highest discharge of 2,900 m3/s. During high-flow
seasons, when rainfall strongly influences streamflow, consistent with the peak discharge period identified in this
research [26, 27]. The conspicuous low-flow season from November to April, with reduced streamflow, aligns
with global observations of seasonal low-flow during the dry season [27].

Table 3: Descriptive statistics of discharge between 2011 and 2021

Mean Std. Minimum Maximum
Month (m3/s) Deviation (m3/s) (m3/s)
Jan 50.53 15.55 27.29 76.29
Feb 29.66 11.06 14.32 49.83
Mar 24.13 18.76 1.48 55.26
Apr 20.30 8.66 7.43 33.00
May 97.15 45.65 13.55 168.71
Jun 273.31 101.92 130.6 434.50
Jul 614.05 215.96 330.1 9006.97
Aug 1007.98 210.52 745.39 1304.58
Sep 1451.95 461.58 1027.17 2366.93
Oct 633.26 301.42 288.71 1382.26
Nov 134.43 63.83 78.30 316.13
Dec 73.54 19.71 39.65 113.84

3.2 Watershed delineation and Hydrological response unit of Shiroro dam

The watershed covers a total area of 5,904.37 ha (Figure 2). It is divided into 18 subbasins and ranges from
0.03% (2 ha in Subbasin 11) to 12.72% (751 ha in Subbasin 2). Water bodies dominate the landscape, making up
97.55% of the watershed area. Agricultural land is mainly concentrated in subbasins 5 (41%), 7 (23%), 12 (21%),
and 13 (21%). The watershed features different slopes; for instance, subbasin 13 has steep slopes (>20%) over
more than 45% of its area. Other slopes vary from flat to moderate (0-10%). The primary land use in the watershed
is agriculture (51.24%), followed by water (45.14%), forest (3.54%), and residential land (0.07%). The main soil
type is ferric luvisol (80.30%), with lithosol constituting the remaining 19.70%. It also supports diverse land-cover
and hydrological responses across the watershed [28, 29].

3.3 Sensitivity analysis of discharge of Shiroro dam site

The results of the discharge sensitivity analysis are shown in Appendix III. The saturated hydraulic
conductivity (SOL_K) indicated a t-statistic of 3.3832, followed by the moist bulk density (SOL_BD), with a value
of -2.4011, along the ridge on the slope. These indicate the most sensitive parameters. Other SWAT parameters
had lower t-statistic values, implying less sensitivity, supported by p-values greater than a (0.05) (Appendix III).
For contouring, the SCS runoff curve number (CN2), SOL_K, and available water capacity of soil (SOL_AWC)
had t-statistic values of 7.3229, 7.1192, and -3.3189, respectively, indicating high sensitivity. In strip cropping,
SOL_K and CN2 were highly sensitive, with t-values of 16.9486 and 94.5994, respectively. The terracing scenario
revealed SOL_K, CN2, and SOL_BD as the most sensitive parameters, with t-statistics of 101.0555, 18.7268, and
9.2299, respectively. Overall, higher t-statistics combined with p-values less than 0.05 indicate greater parameter
sensitivity to streamflow [30, 31, 32].

Soil saturated hydraulic conductivity (SOL_K) consistently emerges as the most sensitive parameter in
streamflow modelling because it directly controls water infiltration into the soil. It also affects runoff generation
and groundwater recharge. SOL_K determines how quickly water moves through soil pores and influences runoff
and subsurface flow components, which ate vital to streamflow dynamics [33, 34, 35]. Few SWAT-based studies
have identified SOL_K as a key driver of hydrological responses across various watersheds, including
mountainous, loess-plateau, and agricultural regions. These studies reaffirm its fundamental role in managing water
movement [33, 36, 37]. SOL_K was ranked as the most sensitive parameter impacting discharge at both daily and
monthly resolutions, alongside CN2 and baseflow factors in China [33, 36]. Furthermore, its significance is
connected to soil moisture content and soil water storage capacity, which influence runoff generation [34, 37].
Therefore, selecting soil saturated hydraulic conductivity, soil moisture content, and soil water storage capacity
during the calibration and validation of the SWAT model enhances flow prediction.
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3.4 SWAT model calibration, validation and uncertainty analysis

The predicted discharge had NSE and R? values of 0.52 and 0.53, respectively, for the model without BMP.
Other parameters include p-factor, r-factor, and PBIAS, with values of 0.13, 0.10, and -4.50 duting calibration
(Figure 6). Similar results were observed during validation. The monthly simulated discharge matched the observed
data, with NSE and R? values of 0.58 and 0.63, respectively. Furthermore, the P-factor, R-factor, and PBIAS were
0.28, 0.42, and 20.50 during validation (Figure 6). These findings are consistent with related studies [38, 39, 40].
The results indicate that the values of p and r factors were acceptable.

In contouring, the NSE and R? values ranged between 0.58 and 0.64, and 0.58 and 0.65, respectively in the
calibration and validation (Figure 7). Their corresponding value for PBIAS varied between -2.8 and —8.1, while p
and r factors ranged from 0.07 and 0.31, 0.02 to 0.48, respectively. It means that NSE values were satisfactory
during calibration and validation. Moreover, it means that the PBIAS values were underestimated. The results of
uncertainty analysis indicated that the p and r factors were okay. These findings align with existing and related
studies [38, 39, 40].

In strip cropping, the NSE and R? values ranged between 0.58 and 0.65, and 0.58 and 0.65, respectively in the
calibration and validation (Figure 8). Their corresponding value for PBIAS varied between -2.7 and — 0.81, while
p and r factors ranged from 0.13 and 0.28, 0.19 to 0.39, respectively, implying that the NSE values were satisfactory
during calibration and validation. Moreover, it means that the PBIAS values were okay in the validation stage. The
results of uncertainty analysis indicated that the p and r factors were okay. These findings agree with existing and
related studies [38, 39, 40].

Finally, the simulated discharge (terrace) is satisfactory, with NSE, R2, R-factor, r-factor, and PBIAS values of
0.58, 0.58, 0.09, 0.07, and -3.20 (Figure 9). Similar results were obtained during validation, with NSE, R?, P-factor,
R-factor, and PBIAS values of 0.58, 0.65, 0.22, 0.05, and 23.30, respectively (Figure 9). These discoveries agree
with related studies [38, 39, 40]. Furthermore, research conducted in India watershed discovered that the values
of NSE were 0.74 and 0.69 during calibration and validation. The corresponding values for P-factors ranged from
0.7 to 0.8 [38]. In addition, a study conducted in Australian catchment discovered that an NSE greater than 0.5 is
appropriate [41].

Comparisons also show that strip cropping and contour practices yielded superior model performance relative
to terraces, consistent with other research emphasising the influence of land management on the accuracy of
hydrological response simulations [42, 43, 44]. Some studies note underestimation issues during validation phases
similar to those observed in our results for terraces but confirm SWAT’s capability to simulate discharge well
when properly calibrated. The use of multiple objective functions and optimisation algorithms like SUFI-2
enhances parameter estimation reliability, uncertainty quantification, and supports the robustness of the results
[40, 42, 45]. The calibration, validation, and uncertainty analysis results demonstrate acceptable model
performance, consistent with established SWAT modelling studies globally, confirming the suitability of the
applied methods for simulating streamflow under various best management practices, with quantified uncertainties
[38, 39, 40, 42]. Strip cropping and contour practices appear particularly robust in predictive accuracy compared
to terraces based on these performance indices.

3.5 Prediction of discharge of Shiroro dam
3.5.1 Calibration

In the Shiroro dam sub-basins, the monthly predicted discharge had mean values of 356 m?®/s and 350.11
m?/s, respectively, for the model without BMP and contouring (Appendices IV and V), with maximum values of
356 m*/s and 1,698 m?/s, respectively. The average values for predicted discharge were 349.92 m?/s and 351.44
m?/s, respectively, for strip cropping and terracing (Appendices VI and VII), with maximum values of 1703 m?/s
and 1709 m?/s for strip cropping and tetracing, respectively. The upper limit of the 95PPU band during the
discharge event was estimated at 1,698 m3/s, which was 1.2 times lower than the observed peak discharge,
implying underestimation. These findings align with previous studies reporting discrepancies between simulated
and observed peak sediment concentrations [4]. However, the study did not capture discharge. The variation may
be due to factors such as climate change.

3.5.2 Validation

The average monthly predicted discharge values were 338 m?®/s and 459.5 m?/s, respectively, for the model
without BMP and contouring (Appendices IV and V), with maximum values of 1151 m?®/s and 1486 m?/s.
Furthermore, the mean discharge values were 419 m?/s and 325 m?/s for strip cropping and terracing, respectively
(Appendices VI and VII). Their corresponding highest flow values were 1396 m?/s and 1034 m?*/s, respectively.
The upper limit of the 95PPU band during the discharge event was estimated at 1396 m3/s, which was less than
the observed peak discharge, implying SWAT model could not capture the peak discharge but mean discharge
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well. There may be a need to use other models such as artificial intelligence to improve the peak flow and reduce
flood risk management.

3.6 Evaluation of the BMPs and their effects on discharge reduction of Shiroro dam using SWAT model

Table 4 presents descriptive statistics for the simulated discharge reduction of Shiroro dam under BMPs (2019-
2021). The results indicate that contouring, strip cropping, and terracing affect streamflow. Contouring had a
mean simulated discharge of 459.50 m?/s and reduced simulated discharge by 8%, while terracing had a stronger
effect, reducing discharge by 23%. Strip cropping had a smaller impact, decreasing streamflow by only 1.3%. While
no terrace increased discharge by 20%. These findings are consistent with other studies reporting that terracing
(bench terraces) can reduce runoff by approximately 19% [46] and that contouring practices can reduce overland
flow by more than 18% [47]. It implies that terraces and contour farming will reduce discharge and sediment yield.
The application of terracing and contouring is an effective conservation practice for reducing discharge. The
research contributes to the body of knowledge by evaluating ABMPs and their effects on discharge reduction of
Shiroro dam using SWAT model, altering the flow regime relevant to hydropower and sediment reduction, and
potentially mitigating reservoir siltation [1, 6, 2, 3, 5]. Moreover, the application of optimal conservation practices
would increase water infiltration and reduce both surface runoff and discharge.

Table 4: Descriptive statistics for simulated discharge under BMPs practice during validation (2019-2021)

S/N | Variables (BMPs) Mean Maximum Minimum
1 Contouring 459.50 1486.00 13.00
2 Strip cropping 419.44 1396.00 11.00
3 No BMP 338.00 1151.00 24.00
4 Terracing 325.94 1034.00 13.00

Limitations of the study

This research is limited to BMPs modelling, which captures the average discharge but does not capture peak
discharge. There is a need to combine SWAT model with artificial intelligence to improve the peak discharge,
which is critical part of flood risk management. In addition, there is an urgent need to conduct field measurements
of soil saturated hydraulic conductivity (SOL_K) and other sensitive parameters in future to predict the discharge
using SWAT model and artificial intelligence and recalibrate the model to better capture the extremes discharge at
Shiroro dam.

4.0 Conclusion

The study evaluated BMPs and their effect on discharge reduction of Shiroro dam using SWAT model. This
research revealed that the predicted and observed discharge values are in good agreement for contouring, strip
cropping, and terracing. The findings suggest that the models for contouring, strip cropping, and terracing are
satisfactory. The sensitivity analysis also revealed that soil saturated hydraulic conductivity was ranked as the most
sensitive parameters that changes the discharge across the BMP practice. Compared with discharge predictions
across the BMP practice at Shiroro Dam, the contour model is more reliable, as its performance indices exceeded
0.60 during validation. However, its PBIAS indicates underestimation (-8.10). The percentage reduction of annual
discharge by terracing 23% followed by contouring (8%), and strip cropping (1.3%). In contrast, without BMP,
simulated streamflow increases by 20%. These findings imply that application of terrace and strip cropping on the
agricultural land of Shiroro Dam would reduce excess discharge and thereby reduce flooding at the dam outlet. It
also means that terracing and contouring were appropriate conservation practices for growing crops around the
dam and produced higher percentage reductions in discharge. As a result, terracing and contouring are
recommended as the best management practices to reduce excess discharge into Shiroro Dam. Field measurement
of soil saturated hydraulic conductivity (SOL_K) and other sensitive parameters are required in future to predict
discharge using SWAT model and artificial intelligence.

CRediT authorship contribution statement

Ibrahim Abayomi Kuti: Conceptualization, Methodology, Software, Data curation, Writing - original draft,
Software, Validation, Visualization, Investigation and Writing - review & editing. Sunday Emmanuel
Ogunmola: Visualization, Investigation and Writing. Peter Aderemi Adeoye: review & editing.

Conflicts of Interest
The authors affirm that they have no conflict of interest.

Received: 07/04/2026; Revised: 18/04/2026; Accepted: 20/04/2026; Published: 25/04/2026 432



Kuti ez al. (2026) Volume 2, Issue 1

Acknowledgements
The first author is grateful to the management of the Shiroro Dam for providing the climatic and hydrological
data for this research. We also thank the reviewers and editorial board for their valuable input.

References

1]

2]

Uniyal, B., Jha, M., Verma, A., & Anebagilu, P. (2020). Identification of critical areas and evaluation of best
management practices using SWAT for sustainable watershed management. The Science of the total
environment, 744, 140737. https://doi.org/10.1016/j.scitotenv.2020.140737

Anteneh, Y., Alamirew, T., Zeleke, G., & Kassawmar, T. (2022). Modeling runoff-sediment influx responses
to alternative BMP interventions in the Gojeb watershed, Ethiopia, using the SWAT hydrological model.
Environmental Science and Pollution Research, 30, 22816-22834. https://doi.org/10.1007/s11356-022-
23711-4

Boufala, M., Hmaidi, A., Essahlaoui, A., Chadli, K., Ouali, A., & Lahjouj, A. (2021). Assessment of the best
management practices under a semi-arid basin using SWAT model (case of M’dez watershed, Morocco).
Modeling Earth Systems and Environment, 8, 713-731. https://doi.org/10.1007/s40808-021-01123-6
Daramola, J., Ekhwan, T. M., Mokhtar, J., Lam, K. C., & Adeogun, G. A. (2019). Estimating sediment yield
at Kaduna watershed, Nigeria using soil and water assessment tool (SWAT) model. Heliyon, 5(7), 1-8.
Naganur, S., Patil, N., Patil, V., & Pujar, G. (2024). Evaluation of best management practices (BMPS) and
their impact on environmental flow through SWAT+ model. Modelling Earth Systems and Environment,
10, 3181 - 3195. https://doi.org/10.1007 /s40808-023-01951-8

Strauch, M., Lima, J., Volk, M., Lorz, C., & Makeschin, F. (2013). The impact of Best Management Practices
on simulated streamflow and sediment load in a Central Brazilian catchment. Journal of Environmental
Management, 127 Suppl, S24-36. https://doi.org/10.1016/j.jenvman.2013.01.014

Zhang, X., Qi, Y., Li, H, Sun, S., & Yin, Q. (2023). Assessing effect of best management practices in
unmonitored watersheds using the coupled SWAT-BILSTM approach. Scientific Reports, 13.
https://doi.org/10.1038/s41598-023-44531-7

Risal, A., & Parajuli, P. B. (2022). Evaluation of the impact of best management practices on streamflow,
sediment and nutrient yield at field and watershed scales. Water Resources Management, 36(3), 1093-1105.
Venishetty, V., Parajuli, P. B., & Nepal, D. (2023). Spatial variability of best management practices
effectiveness on water quality within the Yazoo River watershed. Hydrology, 10(4), 92.

Adeogun, A. G., Ganiyu, H. O., Okunade, A. B., & Amoo, O. T. (2022). Modelling the impacts of selected
watershed management strategies on sediment reduction upstream of Shiroro dam, Nigeria. Journal of
Engineering Studies and Research, 28(4), 7-17.

Loépez-Ballesteros, A., Senent-Aparicio, J., Srinivasan, R., & Pérez-Sanchez, . (2019). Assessing the Impact
of Best Management Practices in a Highly Anthropogenic and Ungauged Watershed Using the SWAT
Model: A Case Study in the FEI Beal Watershed (Southeast Spain). Agronomy.
https://doi.org/10.3390/agronomy9100576

Tarabih, O., Arias, M., Santos, A., Hua, J., Cooper, R., Khanal, A., Dang, T., Khare, Y., Charkhgard, H.,
Rains, M., & Zhang, Q. (2024). Effects of the spatial distribution of best management practices for
watershed wide nutrient load reduction. Ecological Engineering.
https://doi.org/10.1016/j.ecoleng.2024.107211

Ladokun, L. L., Sule, B. F., Ajao, K. R., & Adeogun, A. G. (2018). Resource assessment and feasibility study
for the generation of hydrokinetic power in the tailwaters of selected hydropower stations in Nigeria. Water
Science, 32(2), 338-354.

Adesina, E. A., Musa, A., Onuigbo, I. C., & Adesiji, A. R. (2023, February). Assessment of the Hydrological
Characteristics of Shiroro Dam, Nigeria. School of Environmental Technology, Federal University of
Technology, Minna, 6th — 8th February. Pp 73-84. Pp 115- 122.

Daramola, J., Ekhwan, T. M., Mokhtar, J., Lam, K. C., & Adeogun, G. A. (2019). Estimating sediment yield
at Kaduna watershed, Nigeria using soil and water assessment tool (SWAT) model. Heliyon, 5(7), 1-8.
Sanusi, U., Odiji, C. A., Nwadike, B. K., Hamza, D. D., Baba, S. T\, & Salis, S. K. (2023). Flood Vulnerability
Analysis in the Down Stream of Shiroro Dam and Environs. Water and Environmental Sustainability, 3(4),
41-49.

Kuti, I. A., & Ewemoje, T. A. (2021). Modelling of sediment yield using the soil and water assessment tool
(SWAT) model: a case study of the Chanchaga Watersheds, Nigeria. Scientific African, 13, ¢00936.

Puche, M., Troin, M., Fox, D., & Royer-Gaspard, P. (2025). Optimising spatial discretisation according to
input data in the soil and water assessment tool: A case study in a coastal mediterranean watershed. Water,
17(2), 239.

Khoi, D. N, Thom, V. T., Quang, C. N. X., & Phi, H. L. (2017). Parameter uncertainty analysis for
simulating streamflow in the upper Dong Nai river basin. La Houille Blanche, (1), 14-23.

Received: 07/04/2026; Revised: 18/04/2026; Accepted: 20/04/2026; Published: 25/04/2026 433



Volume 2, Issue 1 Kuti ez al. (2026)

Bibi, T. S., & Adem, E. A. (2023). Evaluation of best management practices to reduce sediment yield in the
upper Gilo watershed, Baro akobo basin, Ethiopia using SWAT. Heliyon, 9(10).

Aboelnour, M. A., Tank, J. L., Hamlet, A. F., Bertassello, L. E., Ren, D., & Bolster, D. (2025). A SWAT
model depicts the impact of land use change on hydrology, nutrient, and sediment loads in a Lake Michigan
watershed. Modeling Earth Systems and Environment, 11(1), 22.

Briak, H., Mrabet, R., Moussadek, R., & Aboumaria, K. (2019). Use of a calibrated SWAT model to evaluate
the effects of agricultural BMPs on sediments of the Kalaya river basin (North of Morocco). International
Soil and Water Conservation Research, 7(2), 176-183.

Abbaspour, K. C., Rouholahnejad, E., Vaghefi, S., Stinivasan, R., Yang, H., & Klove, B. (2015). A
continental-scale hydrology and water quality model for Europe: Calibration and uncertainty of a high-
resolution large-scale SWAT model. Journal of hydrology, 524, 733-752.

Leta, M. K., Ebsa, D. G., & Regasa, M. S. (2022). Parameter uncertainty analysis for streamflow simulation
using SWAT model in Nashe Watershed, Blue Nile River Basin, Ethiopia. Applied and Environmental Soil
Science, 2022(1), 1826942.

Adegbehin, A. B., Yusuf, Y. O., Iguisi, E. O., & Zubairu, 1. (2016). Reservoir discharge pattern and its
effects on hydroelectric power generation at the Kainji Dam, Niger State, Nigeria. WIT Transactions on
Ecology and the Environment, 203, 233-244

Pickett-Heaps, C., Sunter, P., Cornish, A., Sharples, W., Pegios, M., & Wilson, C. (2023). From surface
runoff to streamflow: An application of statistical post-processing for seasonal streamflow forecasting.
MODSIM2023, 25th International Congtress on Modelling and Simulation.
https://doi.org/10.36334/modsim.2023.pickettheaps

Woldemeskel, F., Mclnerney, D., Lerat, J., Thyer, M., Kavetski, D., Shin, D., Tuteja, N., & Kuczera, G.
(2018). Evaluating post-processing approaches for monthly and seasonal streamflow forecasts. Hydrology
and Earth System Sciences. https://doi.org/10.5194 /hess-22-6257-2018

Linke, S., Lehner, B., Dallaire, C., Ariwi, ]., Grill, G., Anand, M., Beames, P., Burchard-Levine, V., Maxwell,
S., Moidu, H., Tan, F., & Thieme, M. (2019). Global hydro-environmental sub-basin and river reach
characteristics at high spatial resolution. Scientific Data, 6. https://doi.org/10.1038/s41597-019-0300-6
Singh, M., Satpute, S., & Prasad, V. (2023). Remote sensing and GIS-based watershed prioritization for land
and water conservation planning and management. Water science and technology: a journal of the
International Association on Water Pollution Research, 88 1, 233-265.
https://doi.org/10.2166/wst.2023.207

Wang, H., Lv, X., & Zhang, M. (2021). Sensitivity and attribution analysis based on the Budyko hypothesis
for streamflow change in the Baiyangdian catchment, China. Ecological Indicators, 121, 107221.
https://doi.org/10.1016/j.ecolind.2020.107221

Gou, J., Miao, C., Duan, Q., Tang, Q., Di, Z., Liao, W., Wu, J., & Zhou, R. (2020). Sensitivity Analysis-
Based Automatic Parameter Calibration of the VIC Model for Streamflow Simulations Over China. Water
Resoutces Research, 56. https://doi.org/10.1029/2019w+025968

Zajac, Z., Revilla-Romero, B., Salamon, P., Burek, P., Hirpa, F., & Beck, H. (2017). The impact of lake and
reservoir parameterization on global streamflow simulation. Journal of Hydrology, 548, 552 - 5068.
https://doi.org/10.1016/j.jhydrol.2017.03.022

Li, M., Di, Z., & Duan, Q. (2021). Effect of sensitivity analysis on parameter optimization: Case study based
on streamflow simulations using the SWAT model in China. Journal of Hydrology, 603, 126896.
https://doi.org/10.1016/j.jhydrol.2021.126896

Gogineni, A., Chintalacheruvu, M., & Kale, R. (2024). Modelling of snow and glacier melt dynamics in a
mountainous river basin using integrated SWAT and machine learning approaches. Earth Science
Informatics, 17, 4315 - 4337. https://doi.otg/10.1007/s12145-024-01397-1

Xiang, X., Ao, T., Xiao, Q., Li, X., Zhou, L., Chen, Y., Bi, Y., & Guo, J. (2022). Parameter Sensitivity
Analysis of SWAT Modelling in the Upper Heihe River Basin Using Four Typical Approaches. *Applied
Sciences*. https://doi.org/10.3390/app12199862

Zhao, F., Wu, Y., Qiu, L., Sun, Y., Sun, L., Li, Q., Niu, J., & Wang, G. (2018). Parameter Uncertainty
Analysis of the SWAT Model in a Mountain-Loess Transitional Watershed on the Chinese Loess Plateau.
Watet, 10, 690. https://doi.org/10.3390/w10060690

Leng, M., Yu, Y., Wang, S., & Zhang, Z. (2020). Simulating the Hydrological Processes of a Meso-Scale
Watershed on the Loess Plateau, China. Water. https://doi.org/10.3390/w12030878

Narsimlu, B., Gosain, A., Chahar, B., Singh, S., & Srivastava, P. (2015). SWAT Model Calibration and
Uncertainty Analysis for Streamflow Prediction in the Kunwari River Basin, India, Using Sequential
Uncertainty Fitting. Environmental Processes, 2, 79-95. https://doi.org/10.1007/s40710-015-0064-8

Das, D. M., Sahoo, B. C., Panigrahi, B., Bhuyan, S., Raul, S. K., & Dalai, A. (2022). Assessment of calibration
parameters and uncertainty analysis of SWAT model for monthly streamflow simulation in Kantamal

Received: 07/04/2026; Revised: 18/04/2026; Accepted: 20/04/2026; Published: 25/04/2026 434



Kuti et al. (2026) Volume 2, Issue 1

[40]

catchment of Mahanadi river basin (India). Indian Journal of Soil Conservation, 50(1), 47-56.
https://doi.org/10.59797 /ijsc.v50.i1.158

Aibaidula, D., Ates, N., & Dadaser-Celik, F. (2023). Uncertainty analysis for streamflow modeling using
multiple optimization algorithms at a data-scarce semi-arid region: Altinapa Reservoir Watershed, Turkey.
Stochastic Environmental Research and Risk Assessment, 37, 1997-2011. https://doi.org/10.1007 /s00477-
022-02377-x

Das, S., Ahsan, A., Khan, M., Yilmaz, A., Ahmed, S., Imteaz, M., Tariq, M., Shafiquzzaman, M., Ng, A., &
Al-Ansari, N. (2024). Calibration, validation and uncertainty analysis of a SWAT water quality model.
Applied Water Science, 14, 1-15. https://doi.org/10.1007/s13201-024-02138-x

Uniyal, B., Jha, M., & Verma, A. (2015). Parameter identification and uncertainty analysis for simulating
streamflow in a river basin of Eastern India. Hydrological Processes, 29, 3744 - 37606.
https://doi.org/10.1002/hyp.10446

Ranjan, R., & Mishra, A. (2022). Examining model performances and parameter uncertainty for streamflow
and suspended sediment regime simulation: Comparison of three calibration methods. Journal of
Hydrology. https://doi.org/10.1016/j.jhydrol.2022.128304

Molin, M., Kavetski, D., Albert, C., & Fenicia, F. (2023). Exploring Signature-Based Model Calibration for
Streamflow  Prediction  in  Ungauged  Basins. =~ Water =~ Resources  Research, 59.
https://doi.org/10.1029/2022wr031929

Moknatian, M., & Mukundan, R. (2022). Uncertainty Analysis of Streamflow Simulations Using Multiple
Objective  Functions and  Bayesian =~ Model = Averaging.  Journal = of  Hydrology.
https://doi.org/10.1016/j.jhydrol.2022.128961

Khelifa, W. B., Hermassi, T., Sttohmeier, S., Zucca, C., Ziadat, F., Boufaroua, M., & Habaicb, H. (2017).
Parameterisation of the effect of bench terraces on runoff and sediment yield by SWAT modelling in a small
semi-arid watershed in Northern Tunisia. Land Degradation & Development, 28(5), 1568-1578.
Gharibdousti, S. R., Kharel, G., & Stoecker, A. (2019). Modelling the impacts of agricultural best
management practices on runoff, sediment, and crop yield in an agriculture-pasture intensive watershed.
Peer J, 7, €7093.

Appendix I: Land-use

.60 6241 5967 TL63
[1 1 1 1

[ Agricuiture
[ Forest
B witen
I \vater

10,000
1
)
)

I T I I
LR s251 5962 Toe3

Received: 07/04/2026; Revised: 18/04/2026; Accepted: 20/04/2026; Published: 25/04/2026 435



Volume 2, Issue 1

Appendix II: soil map
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Appendix III: Sensitivity analysis of discharge during validation (a) no BMP, (b) Contouring, (c) Strip
Cropping, and (d) Terracing
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Appendix IV: Monthly Observed Vs SWAT Simulated discharge for calibration in no BMP
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Appendix V: A Monthly Observed Vs SWAT Simulated discharge for calibration and Validation in a
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Appendix VI: A Monthly Observed Vs SWAT Simulated discharge for calibration and Validation in a

Strip Cropping
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Appendix VI: A Monthly Observed Vs SWAT Simulated discharge for calibration and Validation in a
terracing
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