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In this study, monthly S2S reforecast for 20 years obtained from the European Centre for Medium-Range
Weather Forecast (ECMWF) were evaluated against the in-situ data. The spatial results show that the
two datasets agree with the rainfall pattern throughout the year. The S2S ECMWF realistically simulates
the mean annual cycle skillfully by identifying the wet season from November to March (NDJFM), and
the driest season as June to September (JJAS), in agreement with the observations. However, the
depicted slight wet bias in estimating the observed variation during the wet season. Nevertheless, the
ECMWF S2S exhibits a better performance during wet months compared to dry months. This study
provides insights into the performance of S2S forecasts and their potential application over Zambia.
Future studies need to focus on explaining the observed discrepancies and improvement of S2S forecasts
in the region, particularly by the modelling centers.
Keywords. Rainfall; forecast; sub-season to season; Zambia; ECMWF.

1. Introduction
Climate change has different repercussions in
different sectors of life, such as water, health,
agriculture, environment, transport, and disaster
risk management, among others (IPCC 2007; WMO
2008, 2011). These sectors significantly proBt from
sub-season to seasonal weather forecasts (S2S)
(White et al. 2015). Rainfall is one of the most
significant and challenging climate variables to
predict. Valuable information can be provided for
agricultural purposes and water management

through skillful sub-seasonal rainfall forecast and
may also be used for forecasting Coods and drought
(Yuan et al. 2014; White et al. 2015; Shah et al.
2017). However, less attention has been given
to sub-seasonal forecasts compared with shorter/
longer time parameter forecasts, especially over
Zambia, where there is scarcity of information on
S2S research. Therefore, this study will be
contributing to a novel in the country.
Recently, the World Weather Program and the
World Climate Research Program (WCRP) cooperatively launched the S2S prediction project to

47

Page 2 of 12

face challenges of sub-season to season prediction.
One of the project’s primary goals is to understand
the climate variability on a sub-season to seasonal
time scales and to improve the skill of forecast
(Vitart et al. 2015). Because different Meteorological Agencies use sub-season to season products as
an experimental tool in their daily operations, the
S2S database was improved to have near real-time
ensemble forecasts and reforecasts up to 60 days
(known as hindcast dates) from 11 centers (Vitart
et al. 2017) which makes it possible for researchers
to assess operational capabilities. These model
centers include European Center for Medium
Weather Forecast (ECMWF), Australian Bureau
of Meteorology (BoM), China Meteorological
Administration (CMA), Environment and Climate
Change Canada (ECCC), Japan Meteorological
Agency (JMA), United Kingdom Meteorological
ODce (UKMO), Hydro-meteorology Center of
Russia (HMCR), the Institute of Atmospheric
Sciences and Climate of National Research Council
(ISAC-CNR), Korean Meteorological Administration (KMA), National Center for Environmental
Prediction (NCEP) and Meteo-France Models.
Nevertheless, the precision of this new and significant forecasting methods requires validation to
capture its skillfulness mostly along the tropics and
mid-latitude areas.
The aim of S2S was to bridge the gap between
medium-range weather and seasonal climate forecast (Vitart et al. 2012). Despite the proposed
purpose of the datasets, few studies have been done
to assess the performance of the S2S forecast. For
instance, Vitart (2014) assessed the performance of
ECMWF sub-seasonal forecasts from April to
March 2012 in forecasting Madden Julian Oscillation (MJO), the Sudden Stratospheric warnings
(SSW), prediction of 2 m weekly anomalies in
temperature over the extra-tropics region. The
results showed that since 2002, there were alterations in the model physics that improved the
ECMWF monthly weather forecast skill. The
northern extratropic also indicates an increase in
the forecasting skill of 2 m temperature and rainfall
inconstancies over 10 years, particularly from day
12–18. Nevertheless, rainfall forecast prediction
skill scores persisted being negative in the last
7 days of the forecast (26–32).
Jie et al. (2017) deployed numerous models’
operation skills in assessing the skill of S2S on the
Asian monsoon predictions and found out that, the
performance of the ECMW model for dynamical
circulation and rainfall was considered rational.
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Another research conducted by White et al. (2015)
suggested that the development of modelling
methods, together with the assessment of the
eAectiveness of the S2S forecast, has the potential
to enhance the skill of hydrological forecast modelling internationally and can improve Cood
forecasting range.
Most southern African countries rely on rainfed
agriculture for their economy as well as subsistence
needs for the rural dwellers (Jury 2002; IPCC
2007). Despite that, it is observed that the weather
of southern Africa varies greatly in both spatial
and temporal distribution (Davis 2011; Reason
2017; Libanda and Ngonga 2018). The studies by
Hobbs et al. (1998) and Brigadier et al. (2016a, b)
concluded that a unimodal rainfall pattern is
experienced over Zambia between November and
March. The main bearing systems are the intertropical convergence zone, which is the juncture of
the northeast trade winds and the southeasterly
monsoon, as well as the subtropical high pressure
in the Southern Indian Ocean (SIO) (Mwafulirwa
1999; Brigadier et al. 2016a, b). Furthermore,
Zambia also receives the northwest monsoonal
rainfall linked to tropical Atlantic air converge
(Cook et al. 2004; Brigadier et al. 2015).
Several studies revealed that the variability of
rainfall over the southern African region is associated with sea surface temperature (SST) irregularities over the Indian Ocean and the PaciBc
Ocean. The Indian Ocean Dipole (IOD) and the El
Nino southern oscillation (ENSO) teleconnections
have been identiBed to aAect the weather and climate of east and south African countries Zambia
inclusive. The state of ENSO, SST, Madden Julian
Oscillation (MJO), among others, are known to be
the essential sources of the sub-season to seasonal
predictability (Vitart et al. 2015). During La Nina,
much of Zambia receive above-average rainfall
making it the opposite during EL Nino when much
of the country experiences moderate to severe
drought.
Previous studies on individual weather and
climate events have focused on the whole southern
African region with few targeted-on Zambia. Midst
the few studies that have been done over Zambia,
have mostly focused on extreme weather events,
circulations patterns, and the long-term forecast,
e.g., seasonal and annual. There is a gap that
researchers have to Bll to improve the understanding of rainfall variability on an intra-season
time scale. This paper will focus on the weekly
interval forecast, which is intra-seasonal because it
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is crucial to farmers and other sectors. Raw and
post-processed sub-seasonal precipitation forecast
was evaluated using 1-month lead time forecast.
Most users of forecast information are not only
interested in the rainfall totals for the season, but
they would beneBt from a more detailed forecast
(Sonka 1992). Therefore, this research evaluates
the performance of ECMWF monthly sub-seasonal
rainfall forecasts against observed rainfall over
Zambia. Some of ECMWF models are being used
in operation service in Zambia. Hence, the evaluation of S2S dataset skills will contribute to the
improvement of accurate forecasting as well as
weather and climate information services.
2. Data and methodology
2.1 Study area
Zambia is a landlocked country in the southern
part of Africa that experiences tropical climate and
consists mostly of the high plateau, with some hills
and mountains, dissected by river valleys. In the
K€
oppen climate classiBcation (Geiger 1954), most
of the country is classiBed as humid subtropical or
tropical wet and dry, with small stretches of semiarid steppe climate in the south-west, and along
the Zambezi valley (Hachigonta and Reason 2006).
The country lies between latitudes 8°–18°S, and
longitudes 22°–34°E (Bgure 1).

2.2 Data description
2.2.1 Observed dataset
The current study used observed monthly rainfall
(mm) data obtained from 32 meteorological stations distributed within the country. The data was
sourced from the Zambia Meteorological Department (ZMD), spanning from 1998 to 2017. Data
quality control was evaluated using the standard
normal homogeneity test (SNHT) adopted from
Alexanderson (1986). The data was consistent
hence deemed reliable for the subsequent analysis
(table 1).
2.2.2 Reforecast model data (S2S)
The S2S database system has been made available
through ECMWF, CMA, and NCEP centres for
the last 20 years and includes 11 members. The
ensemble members are generated by simulating the
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initial uncertainties using singular vectors and
ensemble of data assimilation and model uncertainties due to physical parameterizations using a
stochastic scheme. This ECMWF data is generated
on the Cy at least twice every week (Thursday and
Monday). The extended-range reforecast gives a
general view of the forecast for the coming 46 days.
S2S is a daily dataset. However, the procedure for
downloading from the website allows to generate
the monthly data through the accumulation of
the instantaneous data, for example, for June:
30 days = 720 hours, July: 31 days = 744 hours,
etc. Therefore, seasonal data was prepared by
summing up the monthly values. To assess the skill
of cumulative monthly precipitation at the beginning of each month gives a challenging task
because ECMWF does not produce the forecasts on
the Brst day of some months. In such a case, the
last day of the previous month was considered as
the start date because that is when the forecast
data is available. Total precipitation forecast of
additional days (1, 2 or 3 last days of the previous
months) were deducted from the desired month’s
total precipitation forecast before the evaluation.
The reforecast data for 1998–2017 is used in this
study, which is consistent with the observation for
easy comparison. The entire 20 years period was
used to evaluate the skill of the rainfall forecast.
Cumulative rainfall reforecast is produced in kilograms per square meter at a time step of 6 hours
and was converted into millimetre (mm).
There are two categories of reforecast conBgurations that are being used by various centres Bxed
and on the Cy. For Bxed, a set of historical
reforecasts is produced at once by each model
version which is then used to calibrate the realtime forecasts. The new reforecast set is produced
when the latest forecast model version is released.
On the Cy type of forecasts, operation centres like
ECMWF update the version of the model several
times in a year for consistency between real-time
and reforecasts, the reforecast are used to calibrate
real-time forecasts and continuously produced. See
details on https://conCuence.ecmwf.int/display/
S2S/ECMWF+Model. In the current work, we
utilized an S2S reforecast set of model version
CY43R3, and each of the start dates was selected
for 12 months, 11 ensemble members, and
20 years. The data is archived at https://apps.
ecmwf.int/datasets/data/S2S-reforecasts-instanta
neous-accumecmf/levtype=sfc/type = cf/.
The
inverse distance weighting (IDW) technique was
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Figure 1. Geographical location of Zambia in Africa and the inserted background shows topography and black triangle depicts
the stations under study.

used to extract S2S rainfall data at station’s
location.
2.3 Evaluation procedures
To gauge the raw and post-processed forecasts,
spatial and temporal, including other various
statistic veriBcation metrics, were used in two-way
applications. The Brst application measures the
mean goodness of the ensembled mean forecast
against the observed datasets and the second
assesses the performance of the ensemble probabilistic forecast.

This metrics measures the difference between the
forecast and the observations and is expressed
mathematically in equation (2):
MAE ¼

n
1X
xt  x^t ;
n i¼1

ð2Þ

where x^t and xt indicate the observed and forecasted values in time t, respectively, and n is the
number of forecast observation pairs (Kolachian
and SaghaBan 2019).

2.3.3 Root mean square error

2.3.1 Pearson correlation coefBcient
Many climate forecasting studies have used the
correlation coefBcient to assess the presence of a
linear relationship between the observations and
forecasts dasesets (Brigadier et al. 2016a, b). The
correlation coefBcient is expressed mathematically
following JolliAe and Stephenson (2012) as:
covðx; x^Þ
Correlation coefficient ¼ pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ;
varðx Þ  varðx^Þ

2.3.2 Mean absolute error

ð1Þ

where covðx; x^Þ is the covariance, and varðx Þ and
varðx^Þ are the variances between the forecasted
data and observations. This formula has been used
in Kolachian and SaghaBan (2019).

This metric measures the closeness of forecast and
observation, and can be elucidated mathematically
as follows:
rﬃﬃﬃ n
1X
ðxt  x^t Þ2 :
ð3Þ
RMSE ¼
n t¼1
2.3.4 Continuous ranked probability score
(CRPS)
The CRPS measures the difference of the
integrated squared between the cumulative distribution function of the forecast and the corresponding cumulative distribution function of the
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Table 1. Stations and annual rainfall for 20 years.
Station
Mbala
Kawambwa
Kasama
Msekere
Mansa
Misamfu
Ndola
Solwezi
Mwinilunga
Mpika
Isoka
Serenje
Petauke
Kabwe
Kabwe˙Agro
Kalabo
Kaoma
Kabompo
Kasempa
Mongu
Zambezi
Lundazi
Mfuwe
Chipata
Mumbwa
Lusaka City
Mt. Makulu
Magoye
Choma
Livingstone
Sesheke
Senanga

Latitude

Longitude

Elevation

Annual rainfall

8.86
9.79
10.22
13.65
11.14
10.17
12.99
12.17
11.74
11.90
10.27
13.23
14.25
14.45
14.40
15.00
14.79
13.60
13.46
15.25
13.53
12.29
13.25
13.56
15.08
15.42
15.55
16.00
16.84
17.82
17.48
16.11

31.55
29.08
31.14
32.56
28.87
31.55
28.66
26.37
24.43
31.43
32.68
30.21
31.34
28.47
28.49
22.65
24.80
24.21
26.00
23.15
23.11
33.18
31.93
32.59
27.19
28.32
28.25
27.62
27.07
25.82
24.30
23.30

1665
1334
1384
1011
1257
1378
1259
1384
1365
1399
1346
1390
1022
1204
1775
1041
1158
1090
1334
1048
1065
1138
557
1025
1209
1274
1221
1025
1275
991
942
1012

1136.6
1259.2
1199.6
1092.9
1165.2
1273.0
1172.4
1341.7
1317.2
933.4
1035.8
1047.9
928.8
910.5
962.9
895.4
997.7
1003.5
1085.6
1026.2
1088.8
767.7
818.6
1281.3
825.2
837.2
837.3
757.0
795.8
658.1
671.1
883.4

observations. CRPS close to zero indicates perfect
forecasts (Lucatero et al. 2018; Kolachian and
SaghaBan 2019). This can be articulated as:
N
1X
CRPS ¼
N i¼1

Z

1

½pi ðx Þ  H ðx  yi Þ2 dx;

ð4Þ

1

where N represents the tally of the observationforecast pairs, pi ðx Þ is the cumulative distribution
function (CDF) of the mean ensemble forecast model
for pair i; yi is the in-situ rainfall value for pair i, and
H ðx  yi Þ is the Heaviside function, that has the
value of 0 where ðx  yi \0Þ and 1 otherwise.
2.3.5 Continuous ranked probability skill score
This method evaluates the skill of probabilistic
forecasts of the model in relation to the observed
forecast. The perfect score of continuous ranked

probability skill score (CRPSS) is 1. It is calculated
as:
CRPSfore
;
ð5Þ
CRPSS ¼ 1 
CRPSref
where CRPSfore is the forecast score and CRPSref is
the reference forecast score (AlBeri et al. 2014). In the
present study, we calculated the forecast scores as
well as the determination of reference scores based on
climatological rainfall for the individual station. The
observed monthly rainfall was accumulated in every
year for the past 20 years and used as one of the
ensemble member forecasts for the individual station,
and CRPSref was calculated using EnsCrps (Ferro
et al. 2008; Kolachian and SaghaBan 2019) in R using
the SpecsVeriBcation package. The CRPSS ranges
from ? to 1. If the values are positive, then the
forecast is considered to be more reasonable than the
observed long term mean (An et al. 2017).
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3. Results and discussion
3.1 Spatial characteristic of monthly rainfall
over Zambia
The wet months from the study domain can be
identiBed from November to March (NDJFM), as
shown in Bgure 2, which is the rainy season over
the area. The driest months span from June to
August (JJA). Similar research Bndings were
revealed by Brigadier et al. (2015) and Hobbs et al.
(1998).
Generally, more rainfall is received over the
northern section of the country with the monthly
mean rainfall around 150 to [290 mm during
NDJFM and below 70 mm for the other months
over the whole study area. The rainfall reduces
gradually from south to north. February has the
highest rainfall covering the most significant area
of the country.
3.1.1 Spatial distribution of mean NDJFM
rainfall
To elucidate the spatial distribution of the seasonal
rainfall over Zambia, long term mean for NDJFM
of both observed and S2S data were analysed, and
results are displayed in Bgure 3. Both results show
the southern parts receive slightly less rainfall than
the northern counterpart. In terms of data comparison, S2S data (Bgure 3b), indicate an overestimation of seasonal rainfall in most areas of the
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country except for Chipata which shows underestimation. Zambia receives the bulk of its annual
rainfall typically from November throughout
March as the ITCZ moves south (Brigadier et al.
2015, 2016a, b). It is worth noting that, InterTropical Convergence Zone (ITCZ) controls the
seasonality of rainfall over Zambia as the NDJFM
season (wet season) coincides with its passage over
the country.
3.2 Spatial and temporal evaluation of ECMWF
S2S reforecast
3.2.1 Mean annual cycle of rainfall (mm)
The temporal patterns of the mean annual cycle of
rainfall for both ECMWF S2S reforecast data and
observations are compared. The results show that
the country receives a unimodal distribution of
rainfall (Bgure 4). The wet season can be deBned to
start from October to April of the next year, while
the driest season runs from May to September. The
ECMWF S2S datasets capture the cycle vividly
though overestimating, which is in agreement with
the observations portrayed in Bgure 3 of the spatial
mean distribution of NDJFM.
3.2.2 Temporal analysis of observed and S2S
reforecast datasets
Climate change/variability varies from one place
to another; therefore, it was paramount to

Figure 2. Spatial distribution of observed monthly mean rainfall (mm) over Zambia for the period 1998–2017.
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Figure 3. Long-term mean of November to March (NDJFM) rainfall pattern (mm) over Zambia over the period for observed (a)
and ECMWF S2S (b), 1998–2017.

Figure 4. Annual mean rainfall cycle from 1998 to 2017 over Zambia. The observation (in blue) and ECMWF S2S in red.

investigate how ECMWF S2S performed in
capturing the temporal variability in different
stations. The selection of the station used in this
section was based on geographical characteristics
which play a key role in rainfall distribution.
The mountainous regions receive high rainfall
amounts due to orographic eAects as compared to
the valleys. Time series of observed monthly and
ECMWF S2S reforecast rainfall during the study
period for the sampled stations are shown in
Bgure 5. The performance was not uniform/
systematic in most of the stations, and there
was less margin in between for both cases of

overestimating and underestimating. However,
there are very few years when the S2S reforecast
data underestimated with a considerable margin
in some stations. Generally, the performance was
good in most of the stations except for Chipata
station, where the forecast underestimated this
conquers with the results presented in Bgure 3.
This could be associated with the inCuence of the
local eAects as the station is located in the valley.
The climate model has been linked with an
unrealistic estimation of rainfall in complex
topography (Favre et al. 2016; Mumo et al.
2020).
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Figure 5. Time series for observed and monthly ECMWF rainfall reforecast for sampled stations Mbala, Kabompo, Chipata,
Senanga, Mt-Makulu, and Livingstone (1998–2017).

3.2.3 Average performance of observed and S2S
reforecast datasets
Figure 6 shows the comparison of average rainfall
for both forecast and observed. The results show
that the two datasets agree with the rainfall pattern throughout the year. The S2S forecasts that
total monthly rainfall amounts for some stations in
most months were overestimated with bias greater
than 1, except for April and December, where the
S2S forecasted rainfall was close to the observed
with bias equal to 1. However, results show a different level of estimation between the dry months
and the wet months. Mostly wet months show less
margin between the observed and S2S forecast.
During the wet months, the probability of S2S to
detect rainfall events is high (PoD = 1) compared
with the dry months where PoD is less than 1.
Hence the weakest S2S forecast results were
detected in the dry months for all the stations
throughout the 20 years, where overestimation
occurred. Mbala, Kawambwa, and Senanga show a
close relationship between the long term mean of
observed and forecast rainfall in January, February, April, and December. However, an overestimation of S2S was observed in the other months.

For some stations like Kaoma, Kabompo,
Kasempa, Mpika, Serenje, Zambezi Lundazi,
Mfuwe, Magoye, Choma, Livingstone, and Sesheke
were observed throughout the rain months
(NDJFM) to overestimate for S2S; these relate to
the contribution of the strong positive bias in the
rainfall months between observed and S2S in
Bgure 4 of the annual mean rainfall cycle.

3.3 Statistical validation of S2S rainfall
3.3.1 Monthly forecast deterministic evaluation
To evaluate how S2S forecast the observed monthly rainfall station data, correlation coefBcient and RMSE were considered. The results
indicate that during the wet season (NDJFM), the
S2S forecast had good performance with the high
areal correlation of 0.41 in March and the lowest
skills portrayed by spatial average correlation of
0.12 in December. The highest correlation coefBcient among the 32 synoptic stations on a
monthly scale was detected in January over
Mansa (0.7455) and in March over Livingstone
(0.6598), respectively.
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Figure 6. Twenty-year average monthly rainfall of observed against the forecast rainfall in 32 stations.

During the dry season, the most robust average
performance of a significant correlation value of
0.80, was detected in June while the lowest spatial
agreement of 0.19 was documented in September.
Generally, the correlation coefBcient for most of
the stations appeals to be weak during this season.
However, few stations such as Kalabo, Kaoma,
Zambezi, Livingstone, and Senanga on a monthly
scale indicated the highest correlation coefBcient in

June which is among the driest months in a year
(Bgure 7a).
The lowest spatial average value of RMSE and
MAE during the wet season (NDJFM) was
observed in March, while the highest RMSE and
MAE were recorded in December. Most stations
had high RMSE values with the highest RMSE and
MAE observed over Chipata, during the wet season
(Bgure 7b). It may, therefore, be concluded that
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Figure 7. Summary of the deterministic evaluation using correlation coefBcient (a) and RMSE (b) of monthly rainfall forecast
over the study region. The white boxes show the months with no rainfall amount recorded over the entire period.

Figure 8. Heat plots summarizing CRPS score (a) and CRPSS (b). The white boxes show that the reference data is zero.

there is a weak correlation with high RMSE
between observed and S2S data in most stations.
There was a significant magnitude between the
RMSE and MAE in most of the stations.
3.3.2 Monthly forecast probabilistic evaluation
To evaluate the probabilistic predictions and
quantitative skills of the ensemble forecast, the
CRPS and CRPSS were used. Results as portrayed

in Bgure 8(a) show that CRPS shows the same
trend as RMSE and MAE. The Chipata station
had the highest values of CRPS in December,
January, and February. The CRPS in some of the
stations were noticeable in wet months (NDJFM)
like Petauke and Kabwe (Bgure 8a).
Notably, the CRPSS in most of the stations
during the wet season (NDJFM) had positive values with the highest values in January (0.95),
February (0.94), and March (0.91) over Chipata
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station (Bgure 8b). Notably, January shows the
highest values of CRPSS compared to other
months, especially for some few stations like
Kasama, Msekera, Misamfu, Ndola, Solwezi,
Kabwe-Agro, and Chipata. During dry months, the
results show most of the stations having negative
CRPSS values which indicate poor performance.
4. Conclusion and recommendations
The aim of this current study was to evaluate the
skill of monthly ECMWF S2S rainfall forecast
against observed rainfall over Zambia and the
results were achieved through rigorous evaluation
and validation techniques. The results show that
Zambia receives a unimodal rainfall regime with
the months of November to March (NDJFM)
receiving significant rainfall amounts hence classiBed as the wet season. February has the highest
rainfall covering the most significant area of the
country. The dry season runs from May to
September. This seasonality is linked to the passage of the Inter-Tropical Convergence Zone
(ITCZ) over the region.
The ECMWF S2S show reasonable skills in
capturing the mean annual rainfall cycle although
overestimating the wet season. Upon evaluation of
the temporal pattern over distinct sample stations,
the result displayed inconsistency in capturing the
patterns during the dry months and the wet
months. The S2S forecast total monthly rainfall
amounts for some stations in most months overestimated ground observed rainfall as evidenced by
the magnitude of bias greater than 1 except for
April and December where the S2S forecasted
rainfall was close to observation with bias equal to
1. The ECMWF S2S shows high capability in
mimicking the wet months through depicting less
margin accompanied by high probability of detection (PoD) approximately equal to one compared
with the dry months where PoD is \ 1. Notably,
the weakest S2S performance of ECMWF S2S
forecast results was detected in the dry months for
all the stations.
The deterministic evaluation results show skillful ability of ECMWF S2S during the wet season
(NDJFM) supported by a significant areal average
correlation of 0.41. The weakest performance was
recorded in December with a spatial agreement of
0.12. The highest RMSE and MAE were recorded
in March. Among all the stations, Chipata had the
highest RMSE and MAE during the wet season. It

may be concluded that the S2S was weaker over
Chipata compared to other stations.
For probabilistic evaluations of monthly rainfall
forecast, CRPS, RMSE, and MAE show a similar
trend. The Chipata station had the highest values
of CRPS in December, January, and February.
Comparing the performance of all the months,
January shows the highest values of CRPSS. During dry months, the results reveal most of the
stations having negative CRPSS values, while in
wet months (NDJFM) all stations have positive
values of CRPSS.
Conclusively, the Bndings of this study are of
great importance to the hydrological forecast
community. The modellers are urged to improve
the model’s parametrization in order to improve
the short-range forecast.
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