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Abstract

Reliable precipitation forecasts are critical for hydrological modelling and flood early warn-
ing in West African river basins, where rainfall is dominated by highly variable monsoon-
driven convection. This study evaluates and improves the precipitation forecasting skill
of six numerical weather prediction (NWP) models over the Ouémé River basin in Benin,
with particular emphasis on lead-time dependence, basin-scale effects, and the added value
of statistical bias correction. Daily precipitation forecasts, over the period 1985–2015 across
lead times of one to seven days, are assessed across six sub-basins using complementary
continuous and event-based verification metrics. The results indicate that precipitation
forecast skill varies with model choice, forecast horizon, and spatial scale. Among the
raw forecasts, the ECMWF and UK Met Office models consistently outperform the other
systems with KGE values reaching 0.5. ECMWF exhibits the highest overall skill at short
to medium lead times, while the UK Met Office model shows relatively low volumetric
bias across most sub-basins (Pbias less than 25%). For some models, forecast performance
improves with increasing basin size, reflecting the smoothing effect of spatial aggregation,
although this relationship remains model-specific. Distribution-based methods outperform
regression-based approaches, with empirical quantile mapping providing the most robust
and consistent improvements across lead times and sub-basins. Following bias correction,
Empirical quantile mapping achieved median Likelihood Ratio values of approximately
6 during validation, with upper-range values reaching 15–18 across sub-basins for both
ECMWF and UK Met Office forecasts. This represents a substantial improvement over raw
predictions whose distributions remained consistently bounded below 10 throughout the
calibration and validation phases (more than 50% improvement). Overall, the combination
of ECMWF or UK Met Office precipitation forecasts with empirical quantile mapping
offers a reliable framework for improving precipitation inputs to hydrological models and
flood early warning systems in the Ouémé basin. The findings highlight the importance of
multi-criteria evaluation and appropriate bias correction when applying NWP precipitation
forecasts in monsoon-influenced hydrological environments and flood forecasting.
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1. Introduction
Flood forecasting at the basin scale requires precipitation forecasts several days in

advance. These data are commonly provided through numerical weather prediction
(NWP) models. However, NWP precipitation forecasts are subject to substantial uncer-
tainties [1], necessitating their systematic evaluation and, where needed, post-processing
before operational use in applications such as flood forecasting through hydrological mod-
elling [2]. Precipitation forecasting is inherently challenging due to its stochastic nature,
high spatiotemporal variability, and complex generation processes. Reliable precipitation
forecasts—and, by extension, reliable NWP models—could therefore underpin reliable
flood forecasts and, consequently, effective early warning systems.

In West Africa, precipitation is dominated by the West African Monsoon (WAM),
whose interaction with mesoscale convective systems (MCSs) produces intense, localised
rainfall events that are notoriously difficult to predict even at short lead times [3]. This
highly dynamic environment amplifies forecast errors in global NWP systems and under-
scores the need for region-specific evaluation of model performance. Recurrent severe flood-
ing in the region, frequently linked to failures in timely and accurate precipitation forecast-
ing, has caused significant loss of life and economic damage in recent decades [4], further
motivating efforts to improve NWP-based flood forecasting in West African river basins.

With advances in computational capabilities, numerous NWP models have been
developed at global, regional, and national scales, and their predictive performance has
improved considerably [5]. Many NWP models have been evaluated at the basin scale
for hydrological modelling purposes in China [2], Uruguay [1], Australia [5], Spain [6],
etc. Past evaluations have demonstrated contrasting skills among NWP systems across
regions, seasons, and forecast metrics. For example, Ran et al. [2] found that ECMWF
outperformed CMA and UK Met Office systems for flood forecasting applications in China,
while Shrestha et al. [5] showed that model performance in Australia depended strongly on
spatial scale and lead time. Similarly, Collischonn [1] demonstrated the importance of NWP
model selection for streamflow forecasting in Uruguay. More recently, global reforecast
datasets from operational centres have enabled consistent multi-model intercomparisons
over extended historical periods, offering a robust framework for forecast skill assessment
and bias correction calibration [7,8]. Collectively, these findings highlight that no single
NWP model universally excels and that performance is strongly context-dependent. In
Benin and generally in West Africa, studies on the selection, performance evaluation, and
correction of NWP products are rare in the literature. However, testing and evaluating
models by region improves the understanding of local forecast performance [9] and informs
model selection and interpretation of results [10]. This gap is particularly consequential
given the high flood risk and limited observational networks across West Africa, where
the development of reliable and operationally ready early warning systems is urgently
needed [4].

In this context, research in this field largely involves evaluating NWP outputs against
observations to select the best product. Verdin et al. [11] examined alternative approaches
to blending satellite-derived precipitation estimates with rain gauge measurements. Tao
et al. [12] evaluated a post-processed TIGGE multi-model ensemble precipitation forecast
in the Huai River Basin and found that the post-processing significantly reduces both
the biases and the root mean squared error of the raw forecasts. More broadly, statistical
post-processing has been shown to substantially improve the skill of precipitation forecasts
for hydrological applications, with distribution-based methods such as empirical quantile
mapping (Eqm) consistently outperforming simpler regression-based [13,14]. These find-
ings motivate the application and comparison of multiple bias correction techniques in
the present study. Post-processing of NWP ensemble products is critical for operational
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use, for several reasons [12]: the unsuitability of raw NWP outputs for direct hydrological
application, and the spatial scale mismatch between model grid cells and basin-scale hy-
drological processes. To address these issues, Wood & Schaake [15] recommended the use
of statistical post-processing methods rather than dynamical downscaling approaches for
interpreting raw weather forecasts in hydrological contexts.

Despite the growing body of literature on NWP model evaluation and precipitation
bias correction globally, a significant research gap persists in West Africa: very few studies
have conducted a systematic, multi-model assessment of NWP precipitation forecasting
skill combined with statistical bias correction over a West African river basin, using com-
plementary continuous and event-based verification metrics across multiple lead times and
spatial scales. Filling this gap is critical for identifying the most suitable NWP products
and optimisation methods to support hydrological forecasting and flood risk management
in the region.

This study, therefore, aims to evaluate and improve the skill of six NWP products
across the Ouémé basin for hydrological flood modelling purposes. To our knowledge,
this represents the first systematic, multi-model assessment combining continuous skill
metrics with the event-based likelihood ratio and statistical bias correction techniques over
a West African river basin. Specifically, the objectives of this study are: (i) to evaluate
the raw precipitation forecasting skill of six NWP models as a function of forecast lead
time and sub-basin spatial scale, using both continuous metrics (Kling–Gupta Efficiency,
percentage bias) and the event-based likelihood ratio; (ii) to examine the scale dependency
of precipitation forecast performance in relation to basin area; (iii) to assess the added
value of multiple statistical bias correction methods (including quantile mapping and linear
scaling) for improving forecast skill across lead times and sub-basins; and (iv) to identify
the most suitable combination of NWP model and bias correction approach for operational
precipitation forecasting and flood early warning in the Ouémé basin.

The NWP hindcast products used in this study originate from forecasting systems
primarily designed for seasonal prediction. Although these systems target longer forecast
horizons, they are initialised from physically consistent data assimilation frameworks and
rely on atmospheric model components broadly comparable to those used in operational
medium-range forecasting systems. Their performance at early lead times (1–7 days), there-
fore, remains physically meaningful and appropriate for short-range forecast evaluation.
Moreover, these hindcast archives span the period 1985–2015, providing the multi-year
record required for rigorous bias correction calibration and cross-validated skill assessment,
a key advantage over shorter operational reforecast datasets, and an important justification
for their use in the present study.

2. Materials and Methods
2.1. Presentation of the Study Area and Data Used
2.1.1. Presentation of the Study Area

The Ouémé River, the largest river basin in Benin, is located between 6◦30′ and 10◦

north latitude and 0◦52′ and 3◦05′ east longitude (Figure 1). It rises in the Atacora Moun-
tains with a channel length of approximately 510 km, draining approximately 50,000 km2

at the Bonou outlet. The river flows from north to south into the Ouémé Delta. It has two
main tributaries, the Okpara (200 km) on the left bank and the Zou (150 km) on the right
bank [16].

The Ouémé basin is subdivided into three climatic zones based on the rainfall regimes:
the north, which has a unimodal rainfall regime, the south, which has a bimodal rainfall
regime, and the middle, which is a transition zone between the two previous regimes.
Rains mostly originate from the Guinean coast. Situated in a wet (Guinean coast) and a dry
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(Northern Soudanian zone) tropical climate, the Ouémé catchment records annual mean
temperatures of 26 ◦C to 30 ◦C, annual mean rainfalls of 1280 mm (from 1950 to 1969) and
1150 mm (from 1970 to 2004) [16]. Thirty-five rainfall stations, spread throughout the basin,
were considered in the study.

Figure 1. Location of the sub-basins of the Ouémé river, its network and the 35 stations used.

The Ouémé basin has considerable hydrological and socio-economic significance for
Benin. It drains a catchment that supports a large share of the national population through
rain-fed agriculture, fisheries, and riparian livelihoods. The lower basin, in particular,
is characterised by extensive floodplains that are regularly inundated during August–
October, a relatively short lag time between rainfall and runoff peak due to the dominance
of saturated overland flow during the rainy season. The 2010 floods, among the most severe
on record, affected over 680,000 people across Benin, with the Ouémé valley accounting
for a disproportionate share of displacement and agricultural losses. Climate projections
further suggest an intensification of extreme precipitation events and an increase in flood
frequency over the West African Sahel and Guinea coast, implying that flood risk in the
Ouémé basin is likely to grow in coming decades. Despite this exposure, operational flood
early warning in the basin remains limited, constrained in part by the absence of reliable,
bias-corrected precipitation inputs to hydrological forecasting systems. The Ouémé basin,
therefore, constitutes a scientifically relevant and operationally urgent test for evaluating
and improving NWP-based precipitation forecasts.

2.1.2. Observed Precipitation Data

Point precipitation data were collected from the National Meteorological Agency
(Meteo-Benin) of Benin covering the period 1993–2015. The data were spatially interpolated
to each sub-basin using the Thiessen polygon method, which is preferred for spatial rainfall
spatialisation due to its ability to provide a geometrically fair and unbiased representation
of rainfall distribution [17]. These polygons are generated based on a sample of data points
by attributing an area of influence to each point, so that any location inside the polygon is
closer to that point than any of the other sample points. The weight of each polygon (in
another way, each station) is then computed by weighting the area of the polygon relative
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to the total basin area, such that the sum of the weights is equal to the unit. At each time
step (one day), the spatialized precipitation is computed by summing up the weighted
precipitation of each station belonging to the sub-basin. Figure 1 displays the sub-basins,
the river network, and the precipitation stations considered in the study. The basin areas
vary from 7035 to 50,000 km2. However, station density varies considerably across the basin,
and smaller sub-basins such as Kaboua and Atchérigbé are covered by a limited number of
gauges, which can constrain the spatial representativeness of the Thiessen-derived areal
rainfall estimates in these areas.

2.1.3. Description of Hindcast Precipitation Products

The precipitation hindcast products analysed in this study were accessed from six
major numerical weather prediction (NWP) centres that provide global or regional re-
forecasts for model evaluation and forecast calibration purposes. These hindcast datasets
are generated using fixed model configurations and data assimilation systems over ex-
tended historical periods, ensuring temporal consistency for skill assessment and bias
correction [18].

The precipitation hindcast data were downloaded from the “Climate Data Store of
Copernicus for seasonal, daily, and sub-daily data at single levels” (https://cds.climate.
copernicus.eu/datasets/seasonal-original-single-levels?tab=overview, accessed on 5 Jan-
uary 2024), available at a daily time step with a spatial resolution of 1◦, covering the period
1993–2015. The data were resampled to 0.25◦ using nearest-neighbour interpolation prior
to extraction over each sub-basin shapefile. For each sub-basin, hindcasts corresponding to
lead times of 1–7 days were extracted for comparison with observations. Ensemble means
were considered for each precipitation product, and hindcasts were lead-time aligned with
observations by issue date.

Hindcast precipitation products used in this study originate from several major nu-
merical weather prediction centres. The European Centre for Medium-Range Weather
Forecasts provides reforecasts from its Integrated Forecasting System (IFS), offering high-
resolution global predictions with lead times up to 10 days and benefiting from advanced
four-dimensional variational data assimilation and ensemble forecasting capabilities. The
UK Met Office generates hindcasts using the Unified Model (UM), which incorporates
sophisticated physical parameterisations and ensemble techniques, delivering compet-
itive performance at short to medium lead times, particularly in tropical regions. The
Centro Euro-Mediterraneo sui Cambiamenti Climatici (Italia) produces global hindcasts
based on coupled and atmosphere-only systems, widely used in climate and subseasonal
studies, though with performance that may vary across heterogeneous basins. Hindcasts
from Deutscher Wetterdienst (Germany) are based on the ICON model, characterised by
its non-hydrostatic dynamics and innovative grid structure, and increasingly applied in
global precipitation evaluation. The Environment and Climate Change Canada provides
hindcasts from the Global Environmental Multiscale (GEM) model, supporting both de-
terministic and ensemble forecasting, but showing variable skill in convective rainfall
regimes. Finally, Météo-France supplies hindcasts from the ARPEGE model, which uses
a variable-resolution grid suited to both mid-latitude and tropical conditions, although
bias correction is often required for hydrological applications. Details about these models
are provided in Table 1. These differences in model structure, resolution, and physical
parameterisations can influence the representation of convective processes, spatial rainfall
patterns, and error characteristics, thereby affecting regional precipitation predictability
and the relative performance of models across different hydro-climatic contexts.
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Table 1. Details of the NWP models considered in the study.

Institution Product Name Model
Version/System

Spatial
Resolution

Temporal
Resolution

Reporting
Frequency References

ECMWF IFS Reforecast (ENS
Hindcasts)

IFS
CY41R1–CY47R3 1◦ Daily

Twice a week
(Mondays and
Thursdays)

[19,20]

UK Met Office UM Reforecasts
(MOGREPS-G)

Unified Model
(GA6/GA7
configurations)

1◦ Daily Weekly [21,22]

CMCC CMCC Global
Hindcasts

CMCC-Global
Model 1◦ Daily Weekly [23,24]

Deutscher
Wetterdienst
(DWD)

ICON Reforecasts
ICON Global
(operational
cycle-dependent)

1◦ Daily Weekly [25]

ECCC GEM Reforecasts
(GEPS Hindcasts)

GEM (Global
Deterministic +
Ensemble systems)

1◦ Daily Weekly [26,27]

Météo-France
ARPEGE
Reforecasts
(PEARP Hindcasts)

ARPEGE global
variable-resolution
model

1◦ Daily Twice a week [28,29]

2.2. Methods
2.2.1. Performance Evaluation

Performance evaluation was carried out for each sub-basin across all seven lead times.
Three criteria were used for performance evaluation, namely the KGE, Pbias and the
Likelihood Ratio (LHR). Hindcasts are evaluated against observations by aligning them to
the verification date (target date).

The Kling–Gupta efficiency (KGE) is a goodness-of-fit indicator widely used in the hy-
drologic sciences for comparing simulations to observations. It was developed to improve
upon widely used metrics such as the coefficient of determination and the Nash–Sutcliffe
efficiency. It is computed as [30]

KGE = 1 −
√
(r − 1)2 + (α − 1)2 + (β − 1)2 (1)

With r the Pearson correlation coefficient between the observations Yobs and the sim-
ulation Ysim; α is the ratio of the simulated standard deviation to the observed standard
deviation; and β the ratio of the simulated mean to the observed mean of the time series.
The KGE is an expression of distance away from the point of ideal model performance in
the space described by its three components (correlation, variability bias, and mean bias).
KGE = 1 indicates perfect agreement between simulations and observations. KGE score for
a mean precipitation benchmark is KGE ≈ −0.41 [31].

The Absolute Percent bias (Pbias) measures the average tendency of the simulated
values to be larger or smaller than their observed ones. Its main advantage is its ability
to quantify the direction and magnitude of bias in a model’s output relative to observed
data, helping to check whether the model leads to overestimating or underestimating the
observations [32].

Pbias = 100 ∗
∣∣∣∣∣∑N

i=1(Ysim,i − Yobs,i)

∑N
i=1(Yobs,i)

∣∣∣∣∣ (2)

Likelihood Ratio (LHR): The LHR indicates the performance of a binary classifier
with different decision thresholds. The thresholds are computed using the k-means one-
dimensional method (k = 10) applied to all available precipitation observations. The choice
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of k = 10 was made to provide sufficient resolution across the precipitation distribution,
particularly in the moderate-to-heavy rainfall range most relevant to flood generation.
The reference dataset used for the analysis consists of observed precipitation aggregated
at the sub-basin scale. A k-means clustering algorithm was applied independently to
each sub-basin based on the sorted series of areal observed precipitation values. With
the number of clusters set to k = 10, ten cluster centroids (k1, k2, . . ., k10) were derived
from the data. These centroids were then used to define precipitation intervals as follows:
(((((min_value, k1),)k1, k2), . . .,)k9, max_value). Finally, categorical values ranging from 1
to 10 were assigned to each interval in ascending order of magnitude.

The LHR is the ratio between the Probability of Detection (POD) and False Alarm
Rate (FAR) computed for each of the ten intervals and for each lead time. A perfect LHR
would tend to infinity, except when FAR approaches zero. Following common practices in
diagnostic evaluation, an LHR value greater than 10 is generally interpreted as indicating
strong predictive skill, meaning that a forecasted event is at least ten times more likely to
correspond to an observed event than to a false alarm.

In forecast verification (especially for precipitation yes/no events), both Probability
of Detection (POD) and False Alarm Rate (FAR) are derived from a standard contingency
table (Table 2). Both POD and FAR range between 0 (perfect value for FAR) and 1 (perfect
value for POD).

POD =
H

H + M
and FAR =

F
H + F

(3)

Table 2. Contingency table between observed and forecast rainfalls.

Observed Yes Observed No

Forecast Yes Hits (H) False Alarms (F)

Forecast No Misses (M) Correct Negatives (C)

Table 3 provides the ranges of variation for each performance evaluation criterion and
the associated interpretation. The performance threshold of KGE > −0.41 was adopted
from [32], for which KGE values greater than −0.41 imply an improvement of the model
outputs upon the mean precipitation benchmark, despite its negative values. Pbias less
than 25% was considered acceptable based on [31], while the intervals defined for LHR
were based on the author’s experience.

Table 3. Acceptable ranges for the performance criteria.

KGE Pbias (%) LHR Interpretation

[0.75, 1.00[ [0, 10[ [20,+∞[ Very Good

[0.50, 0.75[ [10, 15[ [10, 20[ Good

[−0.41, 0.50[ [15, 25] [1, 10[ Acceptable

<−0.41 >25 <1 Not Acceptable

2.2.2. Bias Correction Methods

Three statistical bias correction methods were applied to reduce systematic errors in
the NWP precipitation hindcasts relative to observed basin-scale precipitation: empirical
quantile mapping, parametric quantile mapping [33,34], and linear scaling [35]. A fourth
approach, polynomial regression, was included as a regression-based benchmark to assess
whether a flexible curve-fitting technique could be an alternative for distribution-based
methods in correcting complex precipitation biases.
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Quantile mapping (QM) is a distribution-based correction method that adjusts the full
statistical distribution of model-simulated precipitation to match that of the observations,
rather than correcting only the mean or variance. The underlying principle is to map each
simulated precipitation value to its corresponding observed value at the same quantile
level, using transfer functions derived from the cumulative distribution functions of both
the observed and modelled series during the training period. Two variants were applied:
empirical quantile mapping (Eqm), which derives the transfer function directly from
the empirical distributions without any parametric assumption, and parametric quantile
mapping (Qmap), which fits theoretical distributions to the data before constructing the
mapping. Eqm is generally more flexible and better suited to the highly skewed, heavy-
tailed precipitation distributions typical of convective rainfall regimes, while Qmap may
generalise more smoothly when data are sparse. Both quantile mapping approaches
share a stationarity assumption: that the statistical relationship between modelled and
observed precipitation estimated during the training period remains valid during the
validation period.

Linear scaling corrects the simulated precipitation series by applying a monthly multi-
plicative factor derived from the ratio of observed to modelled long-term means during
the training period. The multiplicative form is preferred over the additive variant for
precipitation because it preserves the non-negativity of the variable and maintains wet-day
frequency. While this method is computationally straightforward and easy to implement
operationally, it adjusts only the mean of the distribution and does not correct higher-order
moments such as variance or distributional shape.

Polynomial regression was included as a machine learning-inspired alternative in
which the relationship between simulated and observed precipitation is modelled as a
polynomial function of increasing degree, estimated by ordinary least squares during
the training period. Degrees ranging from 1 to 4 were tested to assess whether a higher-
order fit could capture the nonlinear and heteroscedastic structure of precipitation forecast
errors. This approach was included specifically as a diagnostic benchmark: if simple
parametric curve fitting performs comparably to distribution-based methods, it would offer
a computationally lighter correction pathway for operational contexts with limited data.
Its inclusion, therefore, serves both a comparative and a practical purpose.

3. Results and Discussion
3.1. Models’ Raw Performance Evaluation

The evaluation of raw precipitation forecasts using the Kling–Gupta Efficiency (KGE)
reveals a strong dependence of model skill on forecast lead time and station location
(Figure 2). At a short lead time (1 day), the CMCC model demonstrates superior perfor-
mance at Zangnanado, Kaboua, and Bétérou, with KGE values exceeding 0.5, indicating
good agreement between observed and simulated rainfall in terms of correlation, bias, and
variability. Conversely, the UK Met Office model outperforms other models at Bonou, Savè
and Atchérigbé for the same lead time, suggesting a spatially heterogeneous skill linked to
local rainfall regimes and station representativeness.

For medium lead times (2–3 days), the ECMWF model consistently emerges as the
most skilful across all stations, maintaining KGE values above 0.5. This result may be
linked to the robustness of ECMWF’s data assimilation system and model physics for short
to medium-range precipitation forecasting over the Ouémé basin. However, a detailed
attribution of model performance would require dedicated analyses focusing on model
structure and data assimilation, which are outside the scope of this study but slightly
discussed in Section 4. At lead times of 4 and 5 days, the UK Met Office and ECMWF
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models, respectively, dominate across all stations, reflecting a gradual shift in relative
model performance as predictability decreases.

Figure 2. Models’ performances as a function of the lead times (LT) in days for six basins based on
the KGE.

Beyond 5 days, model skill deteriorates substantially, and no single model consistently
outperforms the others. The absence of a clear best-performing model at 6–7 days lead
time reflects the intrinsic limits of deterministic precipitation predictability in the West
African monsoon context, where convective processes and mesoscale dynamics dominate
rainfall generation.

Figure 3 presents the evolution of the percentage bias (Pbias) of precipitation forecasts
as a function of lead time (TL1–TL7) for six sub-basins of the Ouémé River (Bonou, Savè,
Bétérou, Zangnanado, Kaboua, and Atchérigbé).

Overall, the results reveal substantial differences in bias behaviour across models, lead
times, and basin locations. The CMCC and UK Met Office models consistently exhibit
relatively low Pbias values across most sub-basins and lead times, generally remaining
below or close to the 25% threshold commonly considered acceptable for hydrological
applications [31]. This stability suggests a robust representation of mean precipitation
volumes, even as the forecast horizon increases. The ECMWF model shows moderate
bias at short to intermediate lead times but displays larger Pbias values at longer lead
times, particularly for Savè, Kaboua and Zangnanado, where bias increases beyond 40%
at TL6–TL7. This growing bias with lead time indicates a progressive divergence in ac-
cumulated precipitation amounts, despite ECMWF’s otherwise strong performance in
correlation-based metrics such as KGE.

In contrast, the Météo-France model exhibits the largest and most persistent biases
across all sub-basins. Pbias values frequently exceed 50%, especially at short lead times
(TL1–TL2) and again at longer lead times (TL6–TL7). This behaviour suggests systematic
over- or underestimation of precipitation total, limiting the direct usability of this model
for hydrological forecasting in the Ouémé basin without substantial bias correction.

The DWD and ECCC models show intermediate behaviour, with acceptable bias levels
at certain lead times and basins, but with pronounced variability across the forecast horizon.
For instance, DWD exhibits elevated biases at early lead times in Bétérou and Zangnanado,
while ECCC shows better performance at medium lead times but increased bias at longer
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horizons. Spatially, smaller sub-basins such as Kaboua and Atchérigbé tend to display
higher variability in Pbias across models and lead times, reflecting the influence of localised
convective rainfall and scale mismatch between model grids and basin size. Larger and
more integrated basins, such as Bonou, generally show smoother bias evolution, likely due
to spatial averaging effects.

Figure 3. Percentage bias (Pbias) of precipitation forecasts from six numerical weather prediction
models as a function of lead time (LT) in days over the Ouémé sub-basins.

These findings highlight that low bias does not necessarily coincide with high overall
forecast skill, as models with relatively small Pbias (e.g., CMCC and UK Met Office) do not
always outperform others in terms of KGE. These results reinforce the need to combine
volumetric (bias-based) and integrated performance metrics when selecting models for
precipitation-driven hydrological applications in the Ouémé basin. Across all models,
forecast skill exhibits a clear and progressive decline with increasing lead time, reflecting
the expected loss of predictability as atmospheric uncertainties grow, with the most reli-
able performance generally observed within the first few days (TL1–TL3) and a marked
degradation beyond longer lead times.

3.2. Relationship Between Model Performances and Basin Areas

The Pearson correlation analysis between basin area and model performance (KGE)
provides exploratory insight into potential scale-dependent effects in precipitation fore-
casting (Figure 4). At the 1-day lead time, three of the five models show a statistically
significant relationship (α = 10%), suggesting that spatial aggregation may influence the
assessed forecast skill, although these results should be interpreted with caution given the
limited sample size (n = 6 sub-basins).

The Météo-France model exhibits a generally positive relationship between basin
area and skill over the first four lead times, indicating improved performance for larger
spatial scales. This behaviour may be associated with the smoothing of localised convective
variability through spatial averaging. In contrast, other models display less consistent
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patterns, with significant correlations appearing only at isolated lead times (e.g., lead time
3 for UK Met Office, lead time 5 for ECCC and CMCC).

 
Figure 4. Significant correlation between basin areas and model performance using KGE. TL refers to
lead time in days. Grey colour means “not significant correlation”.

The CMCC model shows a negative correlation between basin area and KGE, sug-
gesting decreasing skill with increasing basin size. While this pattern may reflect scale-
dependent spatial inconsistencies in simulated rainfall fields or limitations in representing
basin-scale precipitation coherence, it should be interpreted with caution as a model-specific
feature rather than a universal trend. Overall, these results highlight that increasing spatial
aggregation does not systematically translate into improved model performance across all
forecasting systems.

3.3. Selecting the Best Models for Precipitation Forecast in the Ouémé Basin

To identify the most reliable models for operational use, a ranking-based contribution
analysis was conducted across all stations and lead times (Table 4). For each station, the
three best-performing models were ranked according to the Kling–Gupta Efficiency (KGE)
score. A score of 3 was assigned to the top-ranked model, 2 to the second, and 1 to the third,
while all remaining models received a score of 0. These scores were then aggregated across
all stations for each lead time and model and subsequently normalised to a percentage scale
(0–100). A minimum threshold of 25% was used to identify acceptable model performance.

Table 4. Mean percentage contribution of each model, irrespective of the station. TL denotes the
forecast time lead in days, and the highlighted values indicate that the model meets the minimum
threshold of 25% contribution.

TL1 TL2 TL3 TL4 TL5 TL6 TL7 Total
CMCC 36 32 9 13 17 30 0 20
DWD 29 0 0 13 5 31 32 16
ECCC 0 0 0 0 0 0 10 1
ECMWF 0 40 40 33 47 33 31 32
Météo-France 0 5 18 0 4 6 0 5
UK Met Office 35 23 33 40 27 0 28 26
Total 100 100 100 100 100 100 100 100

The ECMWF model clearly dominates, contributing 32% of the total skill and exceed-
ing the 30% threshold for all lead times except the first. This confirms ECMWF as the most
robust and versatile model for precipitation forecasting over the Ouémé basin. The UK
Met Office model ranks second with a total contribution of 26%, demonstrating strong
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performance particularly at short and intermediate lead times, though with reduced skill
at lead times of 2 and 6 days. CMCC and DWD models show moderate contributions but
fail to consistently exceed the minimum threshold, while ECCC and Météo-France exhibit
marginal overall contributions. Based on these results, ECMWF and UK Met Office models
were selected for bias correction and optimisation, as they combine high skill, consistency
across lead times, and acceptable bias characteristics.

The ranking presented is based exclusively on KGE, and results may differ if the
scoring scheme were applied to volumetric bias (Pbias) or event-based performance (LHR),
given the contrasting model behaviours observed across these metrics in Sections 3.1
and 3.2. For instance, models such as CMCC and UK Met Office, which exhibit relatively
low Pbias, do not consistently rank as high under a KGE-based framework, suggesting that
the selection of the best-performing model remains sensitive to the choice of evaluation
criterion and the intended hydrological application.

3.4. Optimisation of ECMWF and UK Met Office Precipitation Forecasts
3.4.1. Performance Based on KGE

The application of bias correction techniques substantially improves precipitation
forecast skill for ECMWF and UK Met Office models, as displayed in Figures 5 and 6
following the KGE criteria. At a 1-day lead time (Figure 5), all optimisation methods
outperform the raw ECMWF forecasts across all stations, confirming the presence of
systematic biases even at the shortest lead times.

For longer lead times, parametric quantile mapping (Qmap), empirical quantile map-
ping (Eqm), and linear scaling (LS) consistently enhance forecast skill for most sub-basins.
However, at the 6-day lead time, raw ECMWF forecasts occasionally outperform the bias-
corrected outputs at larger sub-basins (Bonou and Zangnanado), suggesting that correction
methods may over-adjust forecast variability at extended lead times. Polynomial regression
corrections (degrees 1–4) fail to improve forecast skill and often degrade performance, indi-
cating that simple polynomial relationships are insufficient to correct complex precipitation
biases in the Ouémé basin.

Figure 5. KGE values computed after the different optimisation methods of precipitation raw forecast
from ECMWF across sub-basins and time leads in days.
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Figure 6. Impact of bias-correction methods on raw precipitation forecast skill (KGE) across lead
times and sub-basins of the Ouémé River for the UK Met Office model.

Similar patterns are observed for the UK Met Office model, where Qmap, Eqm, and
LS significantly improve KGE values across stations and lead times. The highest corrected
skill is generally achieved at lead times of 3–4 days, with quantile mapping emerging as
the most effective method based solely on KGE.

Figure 6 illustrates the evolution of the Kling–Gupta Efficiency (KGE) as a function
of forecast lead time for six sub-basins of the Ouémé River for the UK Met Office model.
The performance of the raw precipitation forecasts (Prediction) is compared against several
bias-correction methods, including parametric quantile mapping (Qmap), linear scaling
(scaling), empirical quantile mapping (Eqm), and polynomial linear regression corrections
of degrees one to four (LR1–LR4).

Across all sub-basins, the raw forecasts show moderate skill, with KGE values gener-
ally ranging between 0.35 and 0.55, and a tendency for performance degradation as lead
time increases. This decline is more pronounced at lead times beyond four days, reflecting
the reduced predictability of precipitation at longer horizons.

The distribution-based correction methods, Qmap, scaling, and especially Eqm, con-
sistently improve forecast skill relative to the raw simulations for most lead times and
stations. Among these, Eqm systematically yields the highest or near-highest KGE values,
particularly at short to medium lead times (TL1–TL4), indicating its strong ability to correct
biases in the mean, variability, and distribution of precipitation. The improvements are
especially marked for larger or more hydrologically integrated sub-basins such as Bonou
and Zangnanado, where spatial aggregation likely reduces local-scale errors. In contrast,
the linear regression–based correction methods (LR1–LR4) exhibit limited added value.
Their KGE values remain consistently lower than those of both the raw forecasts and the
distribution-based methods across all basins and lead times.

Spatial variability in correction performance is also apparent. Sub-basins such as
Atchérigbé and Kaboua, which are smaller and more sensitive to localised convective
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processes, show larger fluctuations in KGE across lead times and methods. Nevertheless,
even in these basins, Eqm and Qmap generally outperform the raw forecasts, confirming
the robustness of quantile-based approaches.

Empirical quantile mapping provides the most consistent and robust improvement
in precipitation forecast skill across sub-basins and lead times, while regression-based
methods fail to add value. These results support the selection of Eqm as the preferred bias-
correction technique for operational precipitation forecasting and hydrological applications
in the Ouémé basin.

3.4.2. Performance Based on the Likelihood Ratio

Figure 7 illustrates the likelihood ratio (LHR), defined as the ratio between the probabil-
ity of detection (POD) and the false alarm ratio (FAR), computed using ten k-means–derived
precipitation classes. This metric provides an event-based assessment of forecast perfor-
mance by simultaneously accounting for successful detections and false alarms. The LHR
was calculated for the raw precipitation forecasts and for the three best-performing bias
correction methods identified in the previous analyses. The analysis was conducted at
the scale of the entire Ouémé basin, with the outlet located at Bonou, using precipitation
forecasts from the ECMWF and UK Met Office models.

Figure 7. Likelihood ratio (POD/FAR) for raw data and the three best correction methods based on
10 k-mean intervals of precipitation of the Ouémé river at Bonou across lead time in days. The y-axis
represents the k-mean order.

For the raw model outputs, the highest likelihood ratio values are consistently obtained
for low precipitation amounts (less than 3 mm), irrespective of lead time or meteorological
model. In this precipitation class, LHR values reach up to 38, highlighting the strong capa-
bility of both models to capture light precipitation events, which are generally associated
with large-scale atmospheric processes and are therefore more predictable.

Among the correction methods, empirical quantile mapping (Eqm) systematically
outperforms the other approaches across all lead times and for both meteorological models.
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The highest LHR values associated with Eqm are obtained for moderate to high precipi-
tation classes, regardless of forecast horizon, demonstrating its effectiveness in adjusting
the upper tail of the precipitation distribution. This behaviour is particularly relevant for
hydrological applications, as these higher precipitation amounts are more likely to trigger
runoff generation and inundation events. In contrast, for low precipitation classes, the raw
model forecasts tend to exhibit higher LHR values than the corrected datasets, suggesting
that bias correction may slightly degrade the detection of weak rainfall signals.

The maximum likelihood ratio value of 73 is achieved at a lead time of five days for
the UK Met Office model when corrected using Eqm, indicating a substantial enhancement
in event detection skill for intense rainfall events. Furthermore, for a lead time of one day
using the ECMWF model, an infinite LHR is obtained, reflecting a zero false alarm ratio
(FAR = 0) combined with a non-zero POD. This result points to a near-perfect discrimination
between observed events and non-events for a specific precipitation class at very short
lead times.

Conversely, optimisation methods based on linear scaling and standard quantile map-
ping do not yield substantial improvements in forecast performance when assessed using
the likelihood ratio criterion. This finding contrasts with the KGE-based assessment pre-
sented in the previous section, where these methods showed notable improvements over the
raw forecasts. The discrepancy highlights the complementary nature of continuous (KGE)
and categorical (LHR) verification metrics and underscores that an overall improvement in
statistical agreement does not necessarily translate into better event detection capability.

Overall, because empirical quantile mapping consistently outperforms the raw fore-
casts according to both KGE and likelihood ratio metrics, it emerges as the most suitable
bias correction approach for optimising precipitation forecasts from both the ECMWF and
UK Met Office models over the Ouémé basin, particularly in the context of flood forecasting
and early warning applications.

3.5. Cross-Validation of ECMWF and UK Met Office Precipitation Forecasts

The robustness of the bias correction methods was assessed through a cross-validation
framework in which 80% of the available data were used for calibration and the remaining
20% for independent validation. Figures 8 and 9 present the distributions of Likelihood
Ratio (LHR) scores obtained during both phases for the ECMWF and UK Met Office models,
respectively, across the five sub-basins considered (Bonou, Zangnanado, Savè, Kaboua,
and Bétérou).

Figure 8. Calibration (first row, 80% of data) and validation (second row, 20% of data) of ECMWF
precipitation forecasts across the sub-basins using the LHR. Pred, Qmp, Sca, and Eqm mean prediction
from the model, parametric quantile mapping, empirical quantile map.
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Figure 9. Calibration (first row, 80% of data) and validation (second row, 20% of data) of UK Met
Office precipitation forecasts across the sub-basins using the LHR. Pred, Qmp, Sca, and Eqm mean
prediction from the model, parametric quantile mapping, empirical quantile map.

During the calibration phase, all three methods yield broadly comparable median
LHR values for both forecast sources, generally converging around 5 to 8 across sub-
basins, suggesting that the correction approaches capture similar central tendencies of
event detection skill when fitted to the training data. Nonetheless, meaningful differences
emerge in the spread and upper tail of the distributions. For both ECMWF (Figure 8) and
UK Met Office (Figure 9) forecasts, Eqm and Scaling exhibit slightly wider interquartile
ranges relative to Pred and Qmp at most sub-basins, with outliers occasionally extending
beyond 25 at hydrologically integrated basins such as Bonou and Savè. Qmp displays
comparatively compact calibration distributions with upper whiskers generally remaining
below 15–20, indicating more constrained but consistent fitting behaviour during the
training phase. The UK Met Office calibration distributions (Figure 9) are overall tighter
than their ECMWF counterparts (Figure 8) across all methods and sub-basins, reflecting the
intrinsically lower variability of UK Met Office raw forecasts, which limits the amplitude of
achievable correction-induced skill gains.

The validation phase provides a more discriminating and operationally relevant
assessment and reveals a striking redistribution of relative method performance. The
most notable result across both figures is the substantial expansion of Eqm interquartile
ranges during validation, with upper quartiles reaching approximately 15–18 in Bonou,
Zangnanado, Savè, and Kaboua for ECMWF forecasts (Figure 8), and similarly elevated
values in the same sub-basins for UK Met Office forecasts (Figure 9). Crucially, this
expansion is accompanied by medians that remain stable near 5–6, indicating that the
improvement in the upper range is genuine and not merely an artefact of distributional
inflation. This behaviour demonstrates that Eqm, despite its relatively moderate calibration
spread, generalises robustly to independent data, effectively correcting the upper tail of the
precipitation distribution, a property of particular relevance for flood-generating events. In
contrast, Scaling and Qmap maintain stable but comparatively modest LHR distributions
during validation, with medians near 5–6 and whiskers generally not surpassing 10–13.
This reflects reliable though less impactful out-of-sample performance.

Overall, Figures 8 and 9 reveal that Eqm achieves the most favourable combination of
calibration consistency and validation-phase improvement in event detection skill across
both forecast sources and all sub-basins considered. The limited degradation between
calibration and validation for Eqm confirms the statistical stability and transferability
of this approach, a critical property for operational deployment in flood early warning
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contexts where the stationarity of bias correction relationships cannot be guaranteed. These
results reinforce the selection of empirical quantile mapping as the preferred correction
technique for precipitation forecasting and hydrological applications over the Ouémé basin.

4. Discussion and Limitations
4.1. Discussion

The results of this study confirm that precipitation forecast skill over the Ouémé
basin is strongly dependent on the NWP model used, the spatial scale of analysis, and
the forecast lead time. This behaviour is consistent with earlier findings from West Africa
and other monsoon-dominated regions, where precipitation predictability is constrained
by the complex interaction between large-scale circulation, mesoscale convective systems,
and local land–atmosphere feedbacks [36,37]. The marked decline in forecast skill with
increasing lead time observed across all models reflects the intrinsic limits of determin-
istic rainfall prediction in the West African monsoon system, where convective rainfall
dominates daily totals.

Among the models considered, ECMWF consistently outperforms the others at short-
to medium-lead times, particularly when assessed using integrated performance metrics
such as the KGE. ECMWF’s superior performance is consistent with its well-documented
strengths in global data assimilation, model physics, and ensemble-based forecast sys-
tems [8]. The robustness of ECMWF across sub-basins and lead times reflects a greater
ability to capture both the temporal evolution and statistical characteristics of precipita-
tion over the Ouémé basin. The UK Met Office model, while slightly less consistent at
medium lead times, demonstrates competitive performance at short lead times and com-
paratively low volumetric bias, making it a valuable complementary forecast source for
operational use.

The superior performance of ECMWF at short to medium-lead times is consistent
with broader tropical and West African forecast evaluations and can be attributed to
identifiable physical and technical advantages. ECMWF’s four-dimensional variational
data assimilation system (4D-Var) assimilates a wide range of observational data—including
satellite radiances, atmospheric motion vectors, and radiosonde profiles—over a six-hour
assimilation window, thereby producing initial conditions that more accurately capture
the pre-convective environment over the Sahel and Guinea coast [38]. This is particularly
consequential over West Africa, where the African Easterly Jet (AEJ) and its interaction
with mesoscale convective systems (MCSs) are primary drivers of daily precipitation
variability [39,40]. Furthermore, ECMWF’s convective parameterisation scheme, based
on the mass-flux framework of Tiedtke–Bechtold, incorporates explicit representations
of convective memory and the transition between shallow and deep convection. These
features are essential for capturing the triggering and organisation of MCSs that dominate
rainfall in the Ouémé basin during the boreal summer monsoon [41]. The competitive
performance of the UK Met Office model, particularly its low volumetric bias, likely reflects
the maturity of its unified model physics and the effectiveness of its ensemble perturbation
strategy (MOGREPS) in sampling initial condition uncertainty, even if its overall skill
at medium lead times falls short of ECMWF’s [8]. These mechanistic considerations
suggest that the observed inter-model skill hierarchy reflects systematic differences in data
assimilation sophistication, convective process representation, and ensemble design that
are well-documented in the global forecast evaluation literature [8,38] and manifest with
particular clarity in the convective, monsoon-dominated environment of the Ouémé basin.

The analysis also highlights a clear but non-uniform scale dependency of precipitation
forecast skill. Improved performance over larger sub-basins for certain models suggests
that spatial aggregation can smooth localised errors associated with convective rainfall and
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grid–basin mismatches, thereby enhancing forecast reliability [42]. However, this effect
is not systematic across all models. In particular, the contrasting behaviour of the CMCC
model, where skill decreases with increasing basin size, demonstrates that scale effects are
strongly model-specific and depend on how precipitation structure and spatial coherence
are represented.

Bias analysis further demonstrates that low volumetric bias does not necessarily imply
high overall forecast skill, as models exhibiting acceptable percentage bias may still perform
poorly in terms of correlation or variability. This reinforces the need for multi-component
metrics such as KGE, which simultaneously account for correlation, bias, and variance,
especially when precipitation forecasts are intended for hydrological modelling [43].

The application of statistical bias correction methods substantially improves forecast
performance, but the magnitude and nature of improvement depend strongly on the
correction technique employed. Distribution-based approaches, particularly empirical
quantile mapping (Eqm), consistently outperform regression-based methods, confirming
earlier findings in both climate and hydrological forecasting studies [44,45]. Eqm effectively
corrects biases across the full precipitation distribution, including the upper tail associated
with heavy rainfall events, which are critical for flood generation in the Ouémé basin. In
contrast, polynomial regression-based corrections fail to capture the nonlinear and highly
skewed nature of precipitation errors in convective regimes, resulting in limited or even
negative added value.

The discrepancy between improvements in KGE and the limited gains in LHR reflects
the different aspects of forecast performance captured by these metrics. KGE evaluates
the agreement between simulated and observed time series in terms of correlation, bias,
and variability, and is therefore highly sensitive to corrections of the mean and variance.
Methods such as linear scaling are specifically designed to adjust these bulk statistical
properties, which explains their strong performance in terms of KGE. In contrast, LHR is
a categorical metric based on event detection (via the Probability of Detection and False
Alarm Rate) and is thus more sensitive to the correct representation of rainfall occurrence
and threshold exceedance.

From a physical perspective, this discrepancy suggests that scaling-based correction
methods improve the overall precipitation distribution without adequately correcting the
temporal structure and intermittency of rainfall events. In particular, such methods may fail
to correct the timing and frequency of wet-day occurrence and can distort the precipitation
distribution near critical intensity thresholds used to define rainfall events. Consequently,
while the corrected series may achieve improved statistical agreement with observations in
terms of mean and variance, their capacity to discriminate between rain and no-rain events
remains limited. This underscores the importance of selecting bias correction methods in
accordance with the target application, favouring approaches that explicitly account for
precipitation occurrence when event-based performance is the primary objective.

A key contribution of this study is the combined use of continuous (KGE) and categor-
ical (likelihood ratio) verification metrics, which reveals important differences in forecast
behaviour. While some correction methods improve overall statistical agreement with
observations, they do not necessarily enhance event detection skill, particularly for intense
rainfall. The superior performance of Eqm under both KGE and likelihood ratio criteria
demonstrates its robustness and suitability for impact-oriented applications such as flood
early warning systems. These findings are consistent with previous work showing that
improvements in bulk performance metrics alone are insufficient for forecast evaluation
when decision-making under risk is the end goal [46,47].

From an operational perspective, the findings suggest that combining ECMWF or UK
Met Office precipitation forecasts with empirical quantile mapping provides a pragmatic
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and effective framework for hydrological forecasting and flood preparedness in the Ouémé
basin. Such an approach balances forecast skill, bias control, and event detection capability,
which are all essential for reliable early warning. However, the remaining uncertainties at
longer lead times indicate that deterministic forecasts should ideally be complemented by
ensemble-based or probabilistic approaches to better characterise forecast uncertainty.

Although the present analysis is confined to precipitation verification and does not
extend to the propagation of forecast errors through a hydrological model, the natural next
step would be to drive a calibrated model of the Ouémé basin (e.g., HBV or GR4J) with the
Eqm-corrected ECMWF and UK Met Office precipitation forecasts, thereby quantifying the
resulting gains in streamflow forecast accuracy and flood early warning lead time.

4.2. Limitations of the Study and Future Work

The original precipitation datasets were resampled to a 0.25◦ grid using a nearest-
neighbour interpolation approach solely to ensure consistency with the spatial framework
used for basin delineation and data extraction. All analyses and interpretations presented
in this study are consequently based on the effective resolution of the original datasets (1◦),
and no inference is made regarding fine-scale precipitation variability beyond this scale.
The representativeness of precipitation forcing at smaller basin scales remains constrained
by the native resolution of the datasets.

The use of seasonal forecast hindcast products at short lead times (1–7 days) may
appear inconsistent with their primary design purpose. However, these systems are
initialised from physically consistent data assimilation frameworks and rely on atmospheric
model components similar to those used in medium-range forecasting systems. As a result,
their performance at early lead times remains physically meaningful. In this study, the
analysis of short lead times is intended to provide a consistent basis for intercomparison
across multiple global systems using a unified hindcast framework. Evaluating model
skill at these lead times also allows for examining intrinsic model performance before the
progressive degradation associated with longer forecast horizons.

Future research should focus on (i) extending the analysis to ensemble precipitation
forecasts, (ii) assessing the seasonal dependence of bias correction performance, particularly
during peak monsoon months, and (iii) quantifying how improvements in precipitation
forecasts propagate through hydrological models to influence streamflow forecasts and
flood warning lead times. Integrating these advances would further strengthen climate
services and disaster risk reduction efforts in the Ouémé basin and similar hydrological
systems across West Africa.

5. Conclusions
This study evaluates the precipitation forecasting skill of six numerical weather pre-

diction models over the Ouémé River basin, with particular emphasis on lead-time depen-
dency, basin-scale effects, and the added value of statistical bias correction. The results
highlight strong contrasts in model performance depending on forecast horizon, verifica-
tion metric, and spatial scale, underlining the complexity of precipitation predictability
in a monsoon-dominated hydrological context. Among the raw forecasts, the ECMWF
and UK Met Office models consistently outperformed the other systems, particularly at
short to medium lead times, with KGE reaching 0.5. The ECMWF model demonstrated
superior overall skill based on the Kling–Gupta Efficiency, while the UK Met Office model
showed comparatively low volumetric bias across most sub-basins and lead times. These
complementary strengths justify their selection as the most suitable candidates for opera-
tional precipitation forecasting over the Ouémé basin. The analysis further revealed a scale
dependency of model performance, with improved skill observed over larger sub-basins
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for certain models, reflecting the role of spatial aggregation in mitigating local precipitation
errors. However, this relationship was not universal, emphasising that basin size alone does
not guarantee improved forecast reliability. The application of bias correction techniques
significantly enhanced precipitation forecast skill, particularly when distribution-based
methods were employed. Empirical quantile mapping emerged as the most robust correc-
tion approach, consistently improving both continuous performance metrics (KGE) and
event-based detection capabilities (likelihood ratio, LHR), especially for moderate to ex-
treme precipitation events relevant to flood generation. Eqm bias correction yields median
LHR values of approximately 6 during validation, with upper-range values of 15–18 for the
top model–sub-basin combinations. In contrast, linear regression–based methods failed to
provide added value, and some correction techniques improved overall statistical agree-
ment without enhancing event detection skill. Future work should explore the integration
of ensemble forecasts, the assessment of seasonal variability in correction performance,
and the propagation of forecast uncertainty into hydrological and impact-based forecasting
systems to further enhance decision support for flood risk management in West Africa.
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