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Abstract: Medium-range (1–15 day) precipitation forecasts are increasingly available from global
weather models. This study presents evaluation of the Global Forecast System (GFS) for the Volta
river basin in West Africa. The evaluation was performed using two satellite-gauge merged products:
NASA’s Integrated Multi-satellitE Retrievals (IMERG) “Final Run” satellite-gauge merged rainfall
observations, and the University of California Santa Barbara’s Climate Hazard’s group Infrared
Precipitation with Stations (CHIRPS). The performance of GFS depends on the climate zone, with
underestimation bias in the dry Sahel climate, overestimation bias in the wet Guinea Coastal climate,
and relatively no bias in the moderately wet Savannah climate. Averaging rainfall over the watershed
of the Akosombo dam (i.e., averaging across all three climate zones), the GFS forecast indicates
low skill (Kling-Gupta Efficiency KGE = 0.42 to 0.48) for the daily, 1-day, lead GFS forecast, which
deteriorates further as the lead time increases. A sharp decrease in KGE occurred between 6 to 10 days.
Aggregating the forecasts over long timescales improves the accuracy of the GFS forecasts. On a
15-day accumulation timescale, GFS shows higher skills (KGE = 0.74 to 0.88).

Keywords: weather forecasts; medium-range precipitation forecasts; Volta; global forecast system

1. Introduction

Medium-range precipitation forecasts are needed for a number of applications, such
as early warning systems for floods and droughts, reservoir management and operations,
and decisions in agriculture [1–6]. Medium-range precipitation forecasts are becoming
increasingly available from global weather forecasting models, such as the Global Forecast
System (GFS) [7], the NCEP climate forecast system (NSF CFS) [8], the European Centre for
Medium-Range Weather Forecasts (ECMWF) [9], and the Global Spectral Model (GSM) [10].
However, assessments of the accuracy of these forecasts is relatively rare, particularly in
Africa, where ground validation sites, as well as access to data from such sites, are limited.

In the Waikato River basin of New Zealand, GFS was able to identify synoptic-scale
weather systems up to +7.5 days’ lead time, although the position and exact timing of these
systems can vary between successive model runs, especially at long lead times [11]. In India,
the GFS forecast showed some skills at 1-day and 2-day lead times, but lower skills from
3 days and over [12]. In China, the U.S., and Australia, the GFS overestimated light rain
and underestimated moderate and heavy rain, which was attributed to errors arising from
not accounting for the aerosol–cloud interactions in the GFS model [13]. In a GFS forecast
sensitivity experiment, it was found that the impact of the inclusion of field data on the
root-mean-squared-error (RMSE) of the forecasts was large at short lead times (about 1 day),
whereas the impact of the type of Kalman Filter data assimilation method considered lasted
throughout the 7-day period [14]. Lien et al. [15] compared the global statistical properties of
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GFS forecasts and Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation
Analysis (TMPA) [16] observations, and reported that the GFS model had positive bias
for precipitation amount compared to TMPA observations, and that the GFS forecasts had
large random errors at higher resolutions, especially for convective precipitation. Based
on a numerical experiment, it was reported that, while the overall precipitation forecast
uncertainty increased gradually with lead time, the corresponding weather-related power
outage prediction uncertainty in the northeast United States exhibited a lower dependence
on lead times up to 3 days and a stepwise increase in 4- and 5-day lead times [17].

The evaluation of satellite-gauged precipitation forecasts in West Africa shows that
these products may be used, with caveats, for evaluating weather forecasts. Dezfuli et al. [18]
evaluated the performance of NASA’s Integrated Multi-satellitE Retrievals (IMERG) “Final
Run” (IMERG Final) (version 4) [19,20] in comparison with two high-resolution, experimen-
tal rain gauge station data provided by the Trans-African Hydro-Meteorological Observatory
(TAHMO) [21] and reported the capability of IMERG Final to accurately represent the diur-
nal cycle of rainfall. Using the same dataset, Dezfuli et al. [22] showed that IMERG Final is
able to capture the propagation of large Mesoscale Convective Systems (MCSs), a significant
advantage over its predecessor’s (TMPA) 3-h temporal resolution, which misses the time
evolution of most of these systems. Satge et al. [23] evaluated the accuracy of a number
of gridded precipitation datasets over West Africa through comparison against rain gauge
station data, and reported that the Climate Hazards Group InfraRed Precipitation with
Station data (CHIRPS) and TMPA (the predecessor to IMERG) provided reliable estimates
at both daily and monthly timescales, while the remaining satellite products considered
(CMORPH, PERSIANN, GSMaP, ARC, and TAMSAT) and all the atmospheric reanalysis
products considered (MERRA and JRA) were deemed unreliable. Furthermore, they found
out that satellite products that incorporated rain gauge information outperformed satellite-
only products. Maranan et al. [24] compared IMERG Final products against experimental
rain gauge station data in the moist forest region of Ghana, West Africa, and showed that
IMERG Final estimates are able to capture monthly rainfall with a correlation coefficient
close to unity.

The primary objective of this study was to evaluate the accuracy of medium-range
precipitation forecasts derived from the Global Forecast System (GFS) over the Volta River
basin, focusing on its major reservoir dam (Akosombo Dam) through comparison against
IMERG Final. The basin encapsulates the three climatic regimes of West Africa, namely, the
Sahel, Savannah, and Guinea Coast regimes. We chose the GFS model due to its relatively
high spatial (0.25◦ × 0.25◦) and temporal resolution (3 h to 6 h), as well as its free-of-charge
data availability to users. The main questions addressed in this study are as follows: What
is the accuracy of the GFS forecast over the watershed of the Akosombo Dam? How does
the accuracy of the forecast depend on lead time and temporal aggregation scale?

In the event of GFS forecasts containing large errors, post-processing techniques
(e.g., calibration and bias-correction (e.g., Stellingwerf et al. [25]) using near-real-time
satellite products could be considered to reduce the errors in the forecasts. Although
satellite precipitation products that incorporate rain gauge information (usually referred to
as “research-version” products), such as IMERG Final and CHIRPS, may seem appropriate
for validation, they are not suitable for the dynamic calibration of GFS forecasts due to
the long data latency period before they are produced and made available to users [18].
Near-real-time satellite precipitation products, such as, IMERG Early, are more suitable for
calibrating GFS forecasts given their short latency period (<4 h) [19]. However, such near-
real-time products may have larger errors compared to research-version products as the
former do not incorporate rain gauge information for bias correction [26]. For the near-real-
time products to be useful for the calibration of GFS forecasts, their accuracy must be higher
than the accuracy of GFS forecasts. Therefore, our secondary objective was to compare the
performance of GFS (validated against IMERG Final) to the performance of IMERG Early
(validated against IMERG Final). Finally, we acknowledge that the reference dataset used
in our evaluation (i.e., IMERG Final) have their own estimation errors. Another research-
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quality satellite rainfall product, CHIRPS, is also available for validation. Therefore, we
conducted an additional assessment evaluating GFS using CHIRPS as reference.

2. Materials and Methods
2.1. Study Region

The Volta River basin (Figure 1) in West Africa covers an area of 409,000 km2 and is
shared by six riparian countries, of which Ghana and Burkina Faso make up the largest
areas, of 42% and 43%, respectively; the remaining 15% is distributed between Benin, Côte
d’Ivoire, Mali, and Togo [27,28]. The physical relief of the basin is generally low with a
predominantly undulating topography, except for the Akwapim-Togo mountain ranges
located in the eastern part. The climate of the basin is strongly influenced by the movement
of the Inter-Tropical Convergence Zone (ITCZ), which produces low rainfall in the northern
part of the basin and heavy rainfall in the southern part of the basin [29].
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Figure 1. Digital elevation model for the Volta River Basin, with the location of the Akosombo dam.

The Volta River system consists of the Black Volta in the west, the White and Red Volta
(each flowing from Burkina Faso), and the Oti River in the east (draining the highlands of
Togo and Benin), all of which join in Ghana to form the lower Volta before flowing into
the Gulf of Guinea. The Akosombo dam on the Lower Volta formed the Lake Volta, one
of the largest man-made reservoirs in the world, covering 8500 km2, or 4% of Ghana’s
land area [30], with a gross storage capacity of 148 Bm3 and an active capacity of 78 Bm3.
Akosombo Dam, with a drainage area of 407,093 km2, is a hydropower dam that generates
1012 MW, of which around 20% is supplied to the national grid and the remaining 80% is
supplied to the aluminum industry.

2.2. Datasets

The Global Forecast System (GFS) is a global numerical weather prediction system
run by the U.S. National Weather Service (NWS). The GFS forecasts at a resolution of 0.25◦

by 0.25◦ are obtained from National Center for Atmospheric Research (NCAR) Research
Data Archive (RDA) GFS Historical Archive [7]. The GFS is run four times a day at UTC 00,
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UTC 06, UTC 12, and UTC 18 h. One of the GFS model output variables is accumulated
precipitation, where the precipitation forecasts are accumulations starting from the model
run time. We obtained the 1-day lead daily rainfall forecast by subtracting the 24 h rainfall
accumulation forecast from the 48 h rainfall accumulation forecast. Similarly, in order to
obtain the 5-day lead daily rainfall forecast, we subtracted the 120 h rainfall accumulation
forecast from the 144 h rainfall forecast. We only considered the model runs at UTC 00 h. We
used the version-15 GFS forecasts, which have been available since 12 June 2009, following
a major upgrade of the GFS model. Information on the GFS model’s structure and inputs is
available from various sources [31–39].

IMERG Final rainfall products were used in this study as references to evaluate the
performance of GFS precipitation forecasts. IMERG Final is a satellite-gauge product,
available at a resolution of 30 min and 0.10◦, and with a data latency of 3.5 months. We
also explored the accuracy of IMERG Early, which is a satellite-only product (i.e., no rain
gauges are not included), available in near-real time at a resolution of 30 min and 0.10◦.
Comparison of the performance of IMERG Early with the performance of GFS indicated
to what extent the IMERG Early products could be used for calibration of GFS forecasts.
The latest version (V6B) of IMERG Final and IMERG Early datasets were used in this study.
Details on the IMERG algorithm are available from Huffman et al. [19,20]. CHIRPS is
another satellite-gauge product, available at a spatial resolution of 0.05◦ and a temporal
resolution of 1 day, with a data latency period of about 3 weeks. Details on the CHIRPS
algorithm are available from Funk et al. [40]. Agreement between the reference (IMERG
Final) and CHIRPS indicated that the IMERG Final estimates were robust.

2.3. Evaluation Methodology

IMERG Final satellite rainfall products were used in this study as references to evaluate
the performance of GFS precipitation forecasts. The comparison period was 15 June 2019
to 15 June 2020, to match the period for which version-15 of the GFS model forecasts
is available. The spatial resolutions of the forecast and satellite products are different:
0.25◦ (GFS), 0.10◦ (IMERG Final and IMERG Early), and 0.05◦ (CHIRPS). The temporal
resolutions of the satellite products are: 30 min (IMERG Final and IMERG Early) and daily
(CHIRPS). Our comparison was mostly based on watershed-averaged values, in which case
we averaged all the datasets to the sub-basin spatial scale. In cases where we compared the
spatial patterns of rainfall, we resampled both IMERG products and CHIRPS to 0.25◦ using
the bilinear interpolation technique to match the spatial resolution of the GFS.

For evaluation metrics, we used the modified Kling–Gupta Efficiency (KGE) method
[41,42] and its components: bias ratio (BR), correlation (R), and variability ratio (γ). KGE
measures the goodness-of-fit between estimates of precipitation forecasts and reference
observations as:

KGE = 1 −
√
(R − 1)2 + (BR − 1)2 + (γ − 1)2, (1)

BR =
µ f

µo
, (2)

γ =
CVf

CVo
(3)

where R is the linear correlation coefficient between forecasted and observed precipitation,
BR is the bias ratio, γ is the variability ratio, µ is the mean precipitation, CV is the coefficient
of variation, and the indices f and o represent forecasted and observed precipitation values,
respectively. KGE values range from −∞ to 1, with values closer to 1 indicating better
model performance. Towner et al. [43] suggested the following classifications: “Good”
(KGE ≥ 0.75), “Intermediate” (0.75 ≥ KGE ≥ 0.5), “Poor” (0.5 ≥ KGE > 0), and “Very
poor” (KGE ≤ 0). The BR values greater than 1 indicate a positive bias, whereby forecasts
overestimate precipitation relative to the observed data, while values less than 1 represent
an underestimation. The γ values greater than 1 indicate that the variability in the forecast
time series is higher than that observed, and values less than 1 show the opposite effect.
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The R measures the strength and direction of the linear relationship between the forecast
and observed values, and to what extent the temporal dynamics of the observed rainfall are
captured in the forecasts. Correlation values of 0.6 or more are considered to be skillful. In
addition, the root mean-square-error normalized by reference precipitation mean (NRMSE)
was used.

3. Results and Discussion
3.1. Annual Spatial Variability and Seasonal Characteristics

Figure 2 presents the spatial map of annual (15 June 2019 to 15 June 2020) rainfall
derived from the GFS and three satellite precipitation products. According to the reference
rainfall product (i.e., IMERG Final), the spatial rainfall pattern is characterized by a strong
north–south gradient: 815 mm yr−1 in the Sahel to 1190 mm yr−1 in the Savannah to
1300 mm yr−1 in the Guinea Coast zone. The 1-day lead GFS forecast captures the overall
spatial pattern, but with large underestimation in the dry Sahel (656 mm yr−1 on average)
and large overestimation in the Guinea Coast (1300 mm yr−1 on average), while producing
a relatively accurate result in the Savannah (1130 mm yr−1 on average).
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The uncalibrated IMERG Early estimates capture the overall spatial pattern, but
result in large overestimation in the Sahel (1000 mm yr−1 on average), while providing
more accurate results in both the Savannah and Guinea Coast areas. A comparison of the
performance of GFS and IMERG Early, when both are validated against IMERG Final, shows
that GFS outperforms IMERG Early in the Guinea Coast area, but that both provide highly
biased estimates in the dry Sahel region with contradicting bias characteristics (i.e., large
negative bias by GFS, but large positive bias by IMERG Early). The CHIRPS estimates
accurately capture not only the overall spatial pattern, but also the actual magnitudes.

Figure 3 presents the monthly time series of climatological-zone-averaged rainfall
derived from the 1-day lead GFS and three satellite precipitation products. Let us first
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look at results in the Sahel region. According to the reference rainfall (i.e., IMERG Final),
the rainy season is six months long, from May until November, and the rainfall peak is
about 220 mm month−1 during July and August. The 1-day lead GFS forecast shows
a similar seasonal pattern but tends to underestimate in all months, except in August.
By contrast, IMERG Early is close to the reference product in almost all months but has
large overestimation bias in two months (August and September). The CHIRPS estimates
accurately capture the seasonal pattern as well as the actual magnitude of rainfall.
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Analyses are based on rainfall fields derived from IMERG Final, 1-day lead GFS, IMERG Early, and
CHIRPS. The time period covers from 15 June 2019 to 15 June 2020.

In the Savannah region, the rainfall starts early in March, and large rainfall accumula-
tions occur over four months (July to October). The GFS underestimates rainfall in the first
half of the rainy season (March through July), overestimates it in August, but estimates it
well in the second half (September through November). By contrast, IMERG Early provides
more accurate results in the first half of the rainy season, including August, but overestimates
rainfall in September and October. Therefore, in the first half of the rainy season, including
August, IMERG Early outperforms the GFS, but in the second half, GFS outperforms IMERG
Early. The CHIRPS estimates are almost identical to the IMERG Final estimates.

Guinea Coastal zone is characterized by a similar rainfall season to Savannah but with
large rainfall accumulations starting from as early as March. The GFS performs well in
the first half of the rainy season but tends to overestimate in the second half. By contrast,
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IMERG Early performs well in almost all months, except for October, when it overestimates.
The CHIRPS monthly estimates are almost identical to IMERG Final.

Averaging the rainfall over the watershed of the Akosombo dam (i.e., averaging across
all three climate zones) shows that the GFS forecasts accurately capture the seasonal rainfall
pattern, but with some underestimation in the first few months of the rainy season, some
overestimation in August, and almost perfect agreement from September until Novem-
ber. The GFS’ overestimation bias in August was the result of overestimation bias in all
climatological zones. The GFS’ underestimation bias in the first few months of the rainy
season was the result of similar underestimation bias in all the climatic zones. However,
the GFS’ almost perfect agreement with IMERG Final in the second half of the rainy season
(September to November) arises as a result of the cancellation of the negative bias in the
dry Sahel zone by the positive bias in the wet Guinea Coastal zone. In contrast to the
GFS, IMERG Early provides accurate results in the first half of the rainy season, including
August, but overestimates in the second half. Therefore, while IMERG Early outperforms
GFS in the first half of the rainy season, GFS outperforms IMERG Early in the second half.

3.2. Dependence of Forecast Performance on Precipitation Rate

Figure 4a,b present the evaluation metrics of 1-day lead GFS using IMERG Final as
the reference for the first half (March through July) and the second half (August through
October) of the rainy season, using basin-averaged values for the Akosombo watershed.
The GFS shows different bias characteristics during the first half and the second half of the
rainy season.

During March through July, GFS tends to underestimate by 21% overall. Moreover,
the bias depends on the rain rate: the GFS is almost unbiased and close to the reference at
low rain rates (<5 mm/day), but has large underestimation bias for moderate and high rain
rates. The overall RMSE of GFS is 113% of the mean rain rainfall rate. The linear correlation
coefficient between GFS and IMERG Final is 0.59. The KGE of GFS is 0.48, which indicates
almost “intermediate” skills for GFS in terms of its ability to forecast the basin-averaged
daily rainfall values at a lead time of 1 day.

During August through October, GFS tends to overestimate by 14% overall; moreover,
the bias varies depending on the rain rate: the GFS has large overestimation bias at low
rain rates (<5 mm/day) and large underestimation bias at high rain rates (>15 mm/day),
but is unbiased at moderate rain rates (5–15 mm/day). The overall RMSE is 89% of the
mean rainfall rate, the correlation between GFS and IMERG Final is 0.44, and the KGE of
GFS is 0.44.

3.3. What Is the Effect of Lead Time on the GFS Forecast Performance?

Figure 4 presents the evaluation metrics of the daily rainfall forecasts for 1-day, 5-day,
10-day, and 15-day lead times, for the first half and second half of the rainy season. Dur-
ing March through July, KGE decreases from 0.48 for 1-day lead to 0.25 for 15-day lead;
R decreases from 0.59 (1-day lead) to 0.26 (15-day lead); and NRMSE deteriorates from
113% (1-day lead) to 159% (15-day lead). Similarly, during August through October, KGE
decreases from 0.42 (1-day lead) to 0.18 (15-day lead); R decreases from 0.44 (1-day lead) to
0.21 (15-day lead); and NRMSE deteriorates from 87% (1-day lead) to 93% (15-day lead).
Therefore, for a given timescale (daily rainfall), as the lead time increases, the forecast
performance (as measured by KGE, R, and NRMSE) decreases. Other studies have also
reported similar results for different regions of the world [11,12,17]. The difference in
performance between short- and long-lead forecasts may be partly attributed to the data
assimilation used in the GFS (which improves the initial conditions for short-lead forecasts)
and its lack of coupling with an ocean model as GFS uses only prescribed sea surface
temperature (this would affect the performance of long-lead forecasts).
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Figure 4. Scatterplot of sub-basin averaged accumulated precipitation forecast obtained from GFS
forecast against corresponding values from IMERG Final, for various forecast lead times and periods
of the rainy season. The lead times are: 1-day (a,b), 5-day (c,d), 10-day (e,f), and 15-day (g,h). The
periods of the rainy season are: March through July (a,c,e,g), and August through October (b,d,f,h).

The performance measures between the 1 day and 5-day lead times are close to each
other, and so are the forecasts at 10-day and 15-day leads. However, there is a sharp decrease
in performance somewhere between 6 and 10 days. The reduction in performance from the
1-day lead time to the 5-day lead time is very small, but is substantial at 10-day lead time
forecasts and beyond. Compared to the 1-day lead forecast, the performance measures of
the 15-day lead show the following results for the first period of rainy season (March to
July): NRMSE increases by 46%, R decreases by 0.33, and KGE decreases by 0.23. However,
the bias statistics tend to improve with increasing lead time. As the lead time increases
form 1-day lead to 15-day lead, the bias ratio improves from 0.79 to 1.01 (March to July),
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and from 1.14 to 0.91 (August to October). Dravitzki and Mcgregor [11] reported little
variation of bias with lead time.

3.4. What Is the Effect of Accumulation Timescale on Forecast Performance?

Figure 5 presents the performance statistics of the GFS rainfall forecast for 1-day,
5-day, 10-day, and 15-day rainfall accumulation timescales. For the March through July
period, KGE increases from 0.48 for daily rainfall to 0.74 for 15-day accumulated rainfall; R
increases from 0.59 (daily) to 0.89 (15-day accumulation); and NRMSE improves from 113%
(daily) to 32 (15-day accumulation). Similarly, for the August through October period, KGE
increases from 0.42 (daily), to 0.88 (15-day accumulation); R increases from 0.44 (daily) to
0.89 (15-day accumulation); and NRMSE improves from 87 (daily) to 15 (15-day accumu-
lation). Therefore, the GFS forecast performance (as measured by KGE, R, and NRMSE)
substantially increases with the temporal aggregation scale. We point out that aggregation
over longer temporal scales involves the use of data from both short-lead and long-lead
forecasts, a situation that leads to two contradictory error natures. On the one hand, intro-
ducing data from long-lead times brings larger random errors but, on the other hand, the
temporal aggregation tends to average out the random errors. This study shows that the
effect of averaging out the errors outweighs the additional error introduced by the use of
long-lead forecast.

Let us compare the effects of increasing lead time (for the same timescale) with the
effects of increasing the accumulation timescale. For daily rainfall, the ratio between the
NRMSE for the 15-day lead and the 1-day lead is 1.407 (see Figure 4). For the accumulated
precipitation, the ratio between the NRMSE for 1 day and the 15-day accumulated forecast is
3.53 (see Figure 5). This indicates that the reduction in the total error obtained by averaging
the forecasts over a 15-day period was much higher than the error introduced by long-lead
forecasts used in the averaging process. Visual inspection also indicates that the 15-day
accumulated forecast has much better agreement with the reference (correlation of 0.89)
compared to the 1-day forecast, indicating that the daily forecasts are dominated by large
random errors, which average out during multi-day timescales.

The rate of improvement in forecast accuracy with increasing lead time is greater at
short timescales than at long timescales. As the aggregation timescale increases from 1 day
to 5 days, the NRMSE drops from 113% to 50%, and KGE jumps from 0.48 to 0.69. On the
other hand, as the aggregation timescale increases from 10 days to 15 days, the NRMSE
changes only slightly, from 36% to 32%, and KGE drops from 0.75 to 0.74.

3.5. Comparison of the Performance of IMERG Early and GFS

The GFS performance statistics indicate the need for the further improvement of GFS
forecasts, particularly at short timescales. One way to achieve this could be through the
use of post-processing techniques that involve rainfall estimates that have better accuracy
and are available in near-real time. IMERG Early is a near-real time product, but is it more
accurate than GFS? Figure 6 provides the scatterplot of IMERG Early against IMERG Final
for 1-day, 5-day, 10-day, and 15-day aggregation temporal scales. As expected, due to the
similarity of both algorithms, the correlation between the two estimates is very high, in excess
of 0.90. However, IMERG Early tends to underestimate by about 20% in the first half of the
rainy season, and to overestimate by about 20% in the second half of the rainy season. The
underestimation by IMERG Early in the first half of the rainy season is primarily due to
the underestimation of the medium rainfall rate. On the other hand, the overestimation of
IMERG Early in the second half of the rainy season is due to its overestimation of the high
rain rate. A comparison of the performance statistics of GFS and IMERG Early indicates that
the KGE performance statistics are higher than those of GFS, which is attributable to the high
correlation (and variability ratio) of IMERG Early and IMERG Final due to the similarity
of both algorithms. In terms of the bias statistics, IMERG Early outperforms GFS during
the first half of the rainy season, but GFS outperforms IMERG Early during the second half.
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IMERG Early therefore has a better ability to reproduce the temporal dynamics of rainfall;
however, in terms of bias, there is no clear winner between GFS and IMERG Early.
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forecast against corresponding values from IMERG Early evaluation, for various aggregation temporal
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10-day (e,f), and 15-day (g,h). The periods of the rainy season are: March through July (a,c,e,g), and
August through October (b,d,f,h).

3.6. How Is the Performance of GFS Affected If the Reference Product Is Changed from IMERG
Final to CHIRPS?

We acknowledge that the reference dataset used in our evaluation (i.e., IMERG Final)
has its own estimation errors. We conducted an additional assessment to evaluate the
performance of GFS using CHIRPS rainfall products as references. Table 1 shows the
performance statistics of GFS for different lead times, using IMERG FINAL and CHIRPS,
separately, as reference. The pattern of GFS performance with respect to lead time is similar
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when either rainfall product is used as a reference. The correlation and KGE statistics of
GFS obtained using IMERG Final as reference are very close to the GFS obtained using
CHIRPS as the reference. The NRMSE statistics computed using CHIRPS as the reference
are lower than those obtained using IMERG Final as reference. The bias statistics computed
using CHIRPS as the reference could be better or worse than those obtained using IMERG
Final as the reference, depending on the period of the rainy season. Therefore, our results
show that the overall performance of GFS remains the same if the reference product were
to be changed from IMERG Final to CHIRPS, indicating the robustness of IMERG Final as
the reference product.

Table 1. Performance statistics of GFS forecast for various lead times (1-day, 5-day, 10-day, and
15-day) using IMERG Final (CHIRPS) rainfall products as references, in terms of correlation, bias
ratio, and NRMSE.

Lead Time of GFS Forecast Correlation Bias Ratio KGE NRMSE (%)

Time Period: March through July
1 day 0.59 (0.57) 0.79 (0.65) 0.48 (0.44) 113 (87)
5 day 0.57 (0.50) 0.89 (0.73) 0.50 (0.42) 116 (91)

10 day 0.16 (0.17) 0.92 (0.76) 0.14 (0.11) 162 (121)
15 day 0.26 (0.30) 1.01 (0.83) 0.25 (0.22) 159 (118)

Time Period: August through October
1 day 0.44 (0.50) 1.14 (1.00) 0.42 (0.49) 89 (71)
5 day 0.39 (0.39) 0.90 (0.79) 0.36 (0.36) 83 (72)

10 day 0.22 (0.18) 0.98 (0.86) 0.19 (0.17) 93 (81)
15 day 0.21 (0.21) 0.91 (0.80) 0.18 (0.19) 93 (80)

4. Summary and Conclusions

This study evaluated the accuracy of medium-range (1-day to 15-day lead time) fore-
casts available from the Global Forecast System (GFS), for the watershed of the Akosombo
dam in the Volta basin, West Africa, using satellite-gauge merged IMERG Final and CHIRPS
rainfall products as references. Additionally, the performance of GFS was compared to the
performance of the satellite-only IMERG Early product to determine whether the latter can
potentially be used in the post-processing of GFS.

The performance statistics of the 1-day lead watershed-averaged GFS forecast are:
KGE = 0.42 to 0.49, correlation = 0.44 to 0.59, NRMSE = 71% to 114%. The performance
of the GFS depends on the climate zone, month, rain intensity, lead time, and temporal
aggregation scale. The GFS tends to underestimate (by 20%) in the dry Sahel region and
overestimate (by 16%) in the Guinea Coastal region, while producing a relatively accurate
result in the Savannah region. Averaging rainfall over the watershed of the Akosombo
dam (i.e., averaging across all three climate zones) shows that the GFS forecasts accurately
capture the seasonal rainfall pattern, but tend to underestimate rainfall (by 21%) in the
first half of the rainy season (March through July) and overestimate rainfall (by 14%) in the
second half of the rainy season (August through October). In the first half the rainy season,
the GFS is unbiased at low rain rates, but has large underestimation bias for moderate and
high rain rates. In the second half of the rainy season, the GFS has overestimation bias at
low rain rates and large underestimation bias at high rain rates, but is unbiased at moderate
rain rates.

For a given timescale, the GFS forecast performance decreases with increasing lead
time. The reduction in forecast performance from the 1-day lead to the 5-day lead is
very small, but it is substantial at the 10-day lead time forecast and beyond. The GFS
forecast performance substantially increases with the temporal aggregation scale. The rate
of improvement in forecast accuracy with increasing lead time is greater at short timescales
than at long timescales. The 15-day total GFS forecast has the following performance
statistics: KGE = 0.74 to 0.88, correlation = 0.89, and bias ratio = 0.86 and 1.01.
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We also evaluated the performance of uncalibrated, near-real-time-available, IMERG
Early rainfall products compared with IMERG Final in order to explore the potential
possibility of utilizing IMERGE Early forecasts (because they are available in near-real time)
for improving GFS forecasts through a post-processing technique. IMERG Early has worse
bias than GFS during August to October; therefore, the inclusion of IMERG Early in GFS
would not improve the bias of GFS forecasts. However, by contrast, IMERG Early products
have similar ability to IMERG Final at capturing the spatial and temporal dynamics of
rainfall. The performance statistics (correlation, KGE, and normalized RMSE) show that
IMERG Early has better performance than GFS. Therefore, the inclusion of IMERG Early
in GFS in post-processing could lead to the improvement of GFS forecast in its ability to
predict the spatio-temporal dynamics of rainfall. However, further study is recommended
to confirm this.

Our main conclusions are as follows: GFS has “poor” skills for predicting daily
precipitation for the Akosombo dam watershed. Efforts toward improving the accuracy of
the GFS forecasts should focus on reducing the large random error. Averaging GFS forecasts
over longer accumulation timescales improves the accuracy of GFS forecasts. At the 15-day
accumulation timescale, GFS shows “good” prediction skills, but has underestimation bias
at moderate and high rain rates during March through July.
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