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Zhang, J., Ma, Q.R,, Zebiak, S.E., Demissie,

T, Dinku, T, Siebert, A, Seid, J. and Acharya, 1N recent years, there has been increasing demand for high-resolution season-
N. (2022) Skill Assessment of North Ameri-  al climate forecasts at sufficient lead times to allow response planning from
can Multi-Models Ensemble (NMME) for
June-September (JJAS) Seasonal Rainfall over
Ethiopia. Atmospheric and Climate Sciences,
12, 54-73. ti-model Ensemble (NMME) over Ethiopia during the June to September
https://doi.org/10.4236/acs.2022.121005 (JJAS) season. The NMME, one of the multi-model seasonal forecasting sys-

tems, regularly generates monthly seasonal rainfall forecasts over the globe

users in agriculture, hydrology, disaster risk management, and health, among
others. This paper examines the forecasting skill of the North American Mul-
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with 0.5 - 11.5 months lead time. The skill and predictability of seasonal rain-

forecast skill is quantified using canonical correlation analysis (CCA) and
root mean square error. The results show that the NMME models capture the
JJAS seasonal rainfall over central, northern, and northeastern parts of Ethi-
opia while exhibiting weak or limited skill across western and southwestern
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Ethiopia. The performance of each model in predicting the JJAS seasonal
rainfall is variable, showing greater skill in predicting dry conditions. Overall,
the performance of the multi-model ensemble was not consistently better
than any single ensemble member. The correlation of observed and predicted
seasonal rainfall for the better performing models—GFDL-CM2p5-FLOR-A06,
CMC2-CanCM4, GFDL-CM2p5-FLOR-B01 and NASA-GMAO-062012—is
0.68, 0.58, 0.52, and 0.5, respectively. The COLA-RSMAS-CCSM4, CMCl-
CanCM3 and NCEP-CFSv2 models exhibit less skill, with correlations less
than 0.4. In general, the NMME offers promising skill to predict seasonal
rainfall over Ethiopia during the June-September (JJAS) season, motivating
further work to assess its performance at longer lead times.
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1. Introduction

Seasonal rainfall variability throughout Ethiopia is a subject of recent research,
particularly as extreme rainfall events have incurred significant negative impacts
on agriculture, water, energy, and other sectors of the country [1].

In recent years, there has been increasing demand for high-resolution weather
and climate forecasts at sufficient lead times to allow response planning from
users in agriculture, hydrology, disaster management, energy, health, and plan-
ning, among others. Skillful seasonal forecasts at lead times of several months
can help farmers anticipate the onset of seasonal rainfall to select crop variety
and sowing time and to identify the risk of extreme events in the season and
hence minimize impacts of such events. However, the performance of at least
some seasonal rainfall forecasts has been shown to be poor due to uncertain ini-
tial conditions and model errors at global and regional levels [2] [3] [4] [5].
Here, we examine the performance of the models comprising the North Ameri-
can Multi-model Ensemble (NMME) in predicting the June-September (JJAS)
seasonal rainfall over Ethiopia.

There are currently several operational systems that provide global seasonal
rainfall forecasts, for example, the National Centers for Environmental Predic-
tion (NCEP) Climate Forecast System Version 2 (CFSV2) [6], and the European
Centre for Medium-Range Weather Forecasts (ECMWF) [7]. Recently, the NMME
was introduced, and the ensemble system was found to reduce forecast uncer-
tainty and to increase the seasonal forecast skill [8]. The preliminary validation
of forecast skill in the NMME model exhibited better confidence globally [9]
[10] [11] [12]. However, some significant forecast errors were detected at re-
gional or local scales [13]. Generally, the predictability of the seasonal climate
signal in the NMME is highest in the tropical latitudes and decreases towards the
extra-tropical latitudes; less than 30% of global drought onsets could be detected

DOI: 10.4236/acs.2022.121005

55 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.121005
http://creativecommons.org/licenses/by/4.0/

A. Teshome et al.

by the NMME [14] [15]. In spite of this, the NMME has been utilized with some
success in global and some regional contexts, in the outlook of precipitation
[16], soil moisture [17] and hydro-meteorological variables [18]. The seasonal
forecasting systems and techniques used by Ethiopia’s National Meteorological
Agency (NMA) have been documented in [19].

The NMA uses indices of sea surface temperatures (SSTs) over the tropical
Pacific Ocean, the Southern Oscillation Index (SOI) and North Atlantic Oscilla-
tions (NAO) the Multivariate ENSO Index (MEI as described by [20] and the
ENSO (El Nifio-La Nifla) outlook obtained from NOAA/CPC. Historical and
current Niflo 3.4 SSTs (the Niflo 3.4 region is located in the central equatorial
tropical Pacific Ocean) are used to select years with ENSO evolution similar to
the forecast prediction season/year. Rainfall prediction for the current year is
then based on rainfall observed in these analog years. Monthly SSTs are com-
pared for several months in advance of the season to be predicted. Finally, the
seasonal forecast is presented in terms of the probability of rainfall being below,
near, and above the climatological normal [21] evaluated the skill of Febru-
ary-May (FMAM) and June-September (JJAS) rainy seasons during the period
1999-2011, and the results revealed that the forecasting system is biased toward
the near-normal category over Ethiopia. Moreover, there are limitations relating
to accuracy, forecast methodology, geographic scale, and interpretation of lead-time.
Some studies demonstrate that combining statistical and dynamical methodolo-
gies has the potential to improve the seasonal forecast skill [22].

The focus of this paper is to examine the seasonal prediction skill and predic-
tability of North American Multi-Model Ensemble Models (NMME) In the
June-September rainy season (JJAS). We explore the general circulation models
of NMME, employing canonical correlation analysis (CCA) as a post-processing
methodology, and assess the skill of the forecasts with respect to JJAS precipita-

tion.

2. Study area and Data
2.1. Study Area

Ethiopia is located in the Horn of Africa within 3°N - 15°N and 33°E - 48°E,
bordered with Eritrea to the north, Djibouti to the east, Sudan to the west, Kenya
to the south, and Somalia to the south and east. It covers an area of about 1.14
million square kilometers (944,000 square miles), the country’s topography is
characterized by high and rugged plateaus and peripheral lowlands. Elevation in
the country range from 160 meters below sea level (northern exit of the Rift Val-
ley) to over 4600 meters above sea level (of northern mountainous regions)
(Figure 1). The highest mountains are concentrated on the northern and south-
ern plateaus of the country [23].

Ethiopia has three climatological rainy seasons, namely February-May (FMAM,
known as Belg in Ethiopia), June-September (JJAS, known as Kiremt), and Oc-
tober-January (ONDJ, known as Bega) [24]-[31]. Figure 1 indicates that JJAS is
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the main rainy season, accounting for 50% - 80% of annual rainfall totals and the
largest seasonal rainfall for many portions of the country [19]. The seasonal
rainfall is highest over northwestern, western, southwestern, and central portions
of Ethiopia (Figure 1). As Cleary document by [19], the National Meteorological
Agency (NMA) has issued seasonal forecasts three times a year since 1987 by as-
sessing the time-lag correlations of SSTs with seasonal rainfalls of various re-
gions over Ethiopia. The seasonal probability forecasts of four-month seasonal
rainfall totals are provided with typically one-month lead time (e.g. the forecast
for June-September [JJAS] is issued in late May).

2.2, Data
2.2.1. Description of NMME Models

The NMME is an ensemble of ensemble predictions across several coupled mod-
els from US and Canadian institutions [8]. The NMME multi-model ensemble

forecast system has been shown to exhibit better performance than any single
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Figure 1. Digital elevation map of predictand or target area in meter (top left panel), annual total rainfall (top right panel),
June-September seasonal total rainfall (bottom left panel) and JJAS % of contribution (bottom right panel).
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model ensemble, motivating the NMME undertaking [31] [32] [33].

The NMME forecast variables include SST, precipitation, and T2m, with real
time and archived forecast products available online
(http://www.cpc.ncep.noaa.gov/products/ NMME). The NMME data represents

one of the most extensive archives of seasonal predictions made using active
seasonal forecast models currently available [8], and are of tremendous interest
and value to both the research and forecasting communities. These represent
only some of the most recent studies making use of this extensive and unique
dataset [8]. The hindcast and forecast data are also archived at the International
Research Institute for Climate and Society (IRI)
https://iridl.Ideo.columbia.edu/SOURCES/.Models/ NMME/).

For this study, we used a total of seven individual NMME models (90 ensem-
ble members). Table 1 indicates the models included in NMME (including their

expanded names). The first column includes the institution where each model

was produced and the name of the model. The models have various ensemble
sizes, ranging from 10 members to 24. Further details about the individual mod-
els can be found in their reference papers, listed in Table 1. The hindcasts for
the NMME models are available from 1982-2010 and all model outputs have 1.0°
latitude by 1.0° longitude horizontal resolution and forecast leads of at least 0.5 -
11.5 months. In this study, we analyzed the rainy season in Ethiopia for the JJAS
season using one-month lead time, which means a forecast made from initial
conditions at the beginning of one month for the next. For example, the

one-month-lead forecast from May’s initial conditions is the forecast for June.

2.2.2. Observation Datasets
The NMME models’ rainfall forecasts are evaluated based on Climate Hazards
Infrared Precipitation with Stations (CHIRPS) precipitation datasets. CHIRPS is

Table 1. Selected NMME models for seasonal forecast of JJAS season.

Model Expanded model name No. lead time Reference resolution
ensemble (months)
members
1 CMC1-CanCM3 Canadian coupled model 1 10 0.5-11.5 (Merryfield & Coauthors, 2013) [34] 1° x 1°
2 CMC2-CanCM4 Canadian coupled model 2 10 0.5-11.5 (Merryfield & Coauthors, 2013) [34] 1° x 1°
3 COLA-RSMAS-CCSM4  COLA/University of 10 0.5-11.5 (Infanti & Kirtman, 2016) [16] 1°x1°
Miami/NCAR coupled model
4 GFDL-CM2p5-FLOR-A06 Expanded version of GFDL 12 0.5-11.5 (Vecchi & Coauthors., 2014) [35] 1°x1°
coupled model, FLOR-A06
5 GFDL-CM2p5-FLOR-B01 Expanded version of GFDL 12 0.5-11.5 (Vecchi & Coauthors., 2014) [35] 1°x1°
coupled model, FLOR-B01
6 NASA-GMAO-062012 Modified version of NASA 12 0.5-8.5 (Vernieres et al., 2012) [36] 1°x1°
coupled model
7 NCEP-CFSv2 NOAA/NCEP coupled model 24 0.5-9.5 (Saha etal, 2014) [6] 1°x1°
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a gridded analysis provided at 1.0° x 1.0° resolution [37] [38]. The dataset is ac-
cessed from International Research Institute Data Library (IRDL)
https://iridl.ldeo.columbia.edu/SOURCES/.UCSB/.CHIRPS/).

3. Methodology
3.1. Canonical Correlation Analysis (CCA) Approaches

In this study, forecasts are derived from the various dynamical model outputs by
applying post-processing based on Canonical Correlation Analysis (CCA) [39].
The predictor (ie dynamical model) spatial domain is usually designed to be
larger than the predictand (forecast) domain, so that relevant features outside of
the targeted domain can be used for better model error correction, for example,
to correct for systematic errors in model spatial structure of circulation and re-
lated variables (Figure 1). In the CCA method used here, preorthogonalization,
using empirical orthogonal function (EOF) analysis, is done separately on the
model hindcasts (the X variable, or predictor) and on the corresponding obser-
vations (the Y variable, or predictand), and a truncated set of the principal
component time series from these EOFs is used as input to the CCA. The main
purpose of the EOF/PCA analyses is to reduce the potential for over-fitting,

through data compaction and noise filtering [40].

3.2. Deterministic and Probabilistic Skill Assessment

This section provides both deterministic and probabilistic skill assessment of the
NMME system. We utilize both deterministic and probabilistic methods of as-
sessment as there is evidence that the two approaches together provide a more
complete representation of skill [41]. The forecast skill of NMME models is eva-
luated by using several deterministic skill measures: two alternative forced
choice (2AFC), Spearman, Pearson correlation, and ROC [42]. The Spearman
rank and Pearson correlation is computed for the NMME mean precipitation
forecast at one-month lead-time before the start of JJAS season. The NMME
mean represents the ensemble mean of the post-processed individual NMME
model forecasts. Both correlations are computed separately for the JJAS season
and at one-month lead-time, for the hindcast period of 1982-2010. According to
[43] reported that the sign of the correlation coefficient determines whether the
correlation is positive or negative and the magnitude of the correlation coeffi-
cient determines the strength of the correlation. Moreover [43] suggests the cor-
relation categories 0.00 - 0.19: “very weak”, 0.20 - 0.39: “weak”, 0.40 - 0.59:
“moderate”, 0.60 - 0.79: “strong” and 0.80 - 1.0: “very strong”. We applied root
mean square error (RMSE) (also called the root mean square deviation [RMSD])

to measure the difference between modeled and observed variables.

3.3. Taylor Diagram

A Taylor diagram summarizes the statistical relationship between model and the

observed/reference field [44]. The diagram is useful for evaluating the accuracy
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Observed

of multiple model outputs against a reference data. Further information on the

Taylor diagram is provided in the supplemental material.

4. Results and Discussion

4.1. Climatology of JJAS Season

We first analyzed the spatial seasonal rainfall distribution of rainfall climatology
for Ethiopia using CHIRPS data. Rainfall over the tropical semi-arid and arid
areas was characterized by high inter-annual variability [45]. Therefore, unders-
tating the seasonal rainfall performance is important for agriculture, water,
energy and for other socio-economic activities. In Ethiopia, June-September is
the main rainy season, and the magnitude of rainfall is higher over most parts of
the country. The June-September rainy season is very important for its water
resources management and agriculture production. Figure 2 shows that north-
western, western, and central parts of the country exhibit the highest rainfall
during this season, and the spatial averaged daily rainfall amount varies between
0 to 10 mm/day and exceeds 10 mm over the western portions of Ethiopia. The
daily mean spatial rainfall pattern obtained from ensemble NMME models
hindcasts shows similarity with CHIRPS over most parts of the country, but the

models slightly underestimate rainfall over northern parts of Ethiopia.

4.2. Deterministic and Probabilistic Skill of NMME Models

In this section we summarize the deterministic verifications methods utilized.
The accuracy of the predictions can be indicated by their correlation coefficient,
standard deviation and root mean square error with respect to the observations,
over the 1982-2010 period. The root mean square error is defined as the average,
for predictions for a given target month and lead time, of the squared differences
between the predictions and their corresponding observations. The skill of the
NMME models, in terms of spatially averaged correlation coefficient, root mean

square error, and standard deviation metrics, are presented in Figure 3. The
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Figure 2. Comparison of observed and ensemble model mean daily rainfall during JJAS season.
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Figure 3. Taylor diagram displaying statistical comparison of correlation coefficient, root mean
squared error (RMSE) and standard deviation of NMME models.

correlation skill of NMME models varies between 0.1 and 0.68 (Figure 3). The
GFDL-CM2p5-FLOR-A06, CMC2-CanCM4, GFDL-CM2p5-FLOR-B01 and
NASA-GMAO-062012 models exhibit relatively high skill (0.68, 0.58, 0.52 and
0.5, respectively). The COLA-RSMAS-CCSM4, CMC1-CanCM3 and NCEP-
CFSv2 models exhibit correlations of <0.3, and these models have limited skill in
simulating and predicting JJAS seasonal rainfall over Ethiopia (Figure 3).

The two alternatives forced choice (2AFC) score and relative operating cha-
racteristics (ROC) score for above and below are presented in the following sec-
tions. The NMME model forecast skill for JJAS seasonal precipitation is not
equally distributed over Ethiopia (Figures 4-6). The red colors, which charac-
terize the north, northwest, northeast, central and eastern portions of Ethiopia,
depict where NMME skill is higher in capturing JJAS seasonal rainfall, and blue
areas indicate the opposite. The 2AFC result of individual NMME models de-
picts that skill difference over most parts of Ethiopia in predicting the June-
September seasonal rainfall (Figure 4). The 2AFC skill of the GFDL-CM2p5-
FLOR-A06, CMC2-CanCM4 and GFDL-CM2p5-FLOR-B01 models are skillful
over northern, central and southwestern portions of Ethiopia and these models
depict that limited skill over western and southeastern portion of Ethiopia. The
models NASA-GMAO-062012, COLA-RSMAS-CCSM4, CMC1-CanCM3 and
NCEP-CFSv2 show comparably less skill over most parts of Ethiopia. Generally,
the 2AFC scores of the NMME results show limited skill in predicting the
June-September seasonal rainfall over Ethiopia across the western region of the

country. It is also noted that most models predict worse than climatology over
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Figure 4. Comparison of 2AFC plot of individual with ensemble NMME models.

western and southeastern portion of Ethiopia.

4.2.1. Verification Metrics

Figure 5 and Figure 6 shows the ROC skill scores for above and lower tercile
forecasts for Jun-September seasonal rainfall. During June-September most of
the models show a forecast skill better than the climatological forecast. The rela-
tive (or receiver) operating characteristic (ROC) is a representation of the skill of
a forecasting system in which the hit rate and the false-alarm rate are compared
[38] [46] [47]. The spatial plot of ROC above and ROC below is presented in
Figure 5 and Figure 6 for each individual model and for the NMME ensemble.
In particular, the GFDL-CM2p5-A06, GFDL-CM2p5-B01, CMC2-CanCM4, and
COLA-CCSM4 models exhibit ROC above scores exceeding 0.6 over northwestern,
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Figure 5. Comparison plot of individual ROC above plots of and ensemble of NMME models.

central, northeastern, and northern portions of Ethiopia. The regions with a
ROC score between 0.6 and 0.7 indicate skill in predicting the JJAS seasonal
rainfall over Ethiopia. The United Kingdom Meteorological Office reported that
ROC scores equal to or greater than 0.6 indicate skill that is better than guessing,
whereas those between 0.5 and 0.6 are associated with predictions that are little
better than guesswork.

But the skill of these models is limited over western, southwestern, and sou-
theastern parts of the country, with ROC scores < 0.4. On the other hand the
skill scores of NASA-GEOSS2S, CMC1-CanCM3 and NCEP-CFSV2 depicts <
0.5 over western, northwestern and pocket areas of northeastern parts of Ethi-

opia (Figure 5). When probability is low, such as 0.10, a false alarm (meaning
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Figure 6. The same as Figure 5 but for ROC below plots of individual and ensemble of NMME models.

that the event does not occur) is more desirable than a hit. With a possible range
of 0% - 100%, a 50% rate of correct discrimination (appearing as a ROC area of
0.5) is expected by chance and reflects 0 forecast skill [46]. The spatial ROC re-
sult shows promising skill of NMME models in predicting the JJAS rainfall over
portions of Ethiopia. And the skill of the multimodel ensemble is comparable or
slightly better than any single model.

The spatial plot of ROC below for NASA-GEOSS2S, GFDL-CM2p5-A06,
CMC2-CanCM4, and GDL-CM2P5-B01 NMME models show scores > 0.7 over
northern, central, and southwestern regions of Ethiopia during the JJAS season
(Figure 6). The ROC below skills of COLA-CCSM4, CMC1-Can-CM3, and
NCEP/CFSV2 models are decidedly lower over the northern region. Overall, the
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ROC below skill is higher than ROC above skill.

4.2.2. Correlation Skill of NMME Models

This section compares the cross-validated skill of NMME models at a one-
month lead-time based on Pearson and Spearman correlations. Rainfall general-
ly has lower prediction skill than other variables, due to relatively higher spatial
variability in rainfall patterns [16]. For the Pearson correlation, an absolute value
of 1 indicates that a perfect linear relationship and a correlation close to 0 de-
picts that no linear relationship between variables.

Our result of Pearson correlation for the models of GFDL-CM2p5-FLOR-A06,
CMC2-CanCM4, and GFDL-CM2p5-FLOR-B01 shows promising skill to pre-
dict and capturing the JJAS seasonal rainfall over Ethiopia (Figure 7 and Table
2). These models capture most parts of northern, northeastern, central, and
south-western portions of Ethiopia with promising Pearson correlation of >0.6
(Figure 7). However, the Pearson correlation skill indicates negative correlation
—0.6 over western and southeastern and the models are very limited in capturing
the June-September seasonal rainfall (Figure 7). Moreover, the NASA-GEOSS2S,
COLA-RSMAS-CCSM4, CMC1-CanCM3, and NCEP-CFSv2 models reveal more
limited skill in predicting the JJAS seasonal rainfall over most parts of Ethiopia
with the skill of <0.4 (Figure 8 and Table 2). Noticeable skill differences are ob-
tained between individual NMME models based on Pearson correlation. How-
ever, the skill of ensemble NMME models of Pearson correlation shows promis-

ing improvement compared to individual NMME models (Figure 7).

4.3. Extreme Event Diagnosis in the Case of El Nifio 2015

The variability of seasonal rainfall over Ethiopia leads to the recurrence of ex-
treme drought and flood, and the intensity of extreme events affects various so-
cio-economic activities of the country [48]. Ethiopia is one of the largest huma-
nitarian aid beneficiaries in the world and experiences significant climate in-
duced drought and water related stresses on crop and livestock productivity
[49]. Every year approximately three million Ethiopians are affected by crop
production shortfalls adding to the 7.6 million supported every year by the

Table 2. Spatially averaged Pearson correlation coefficient of individual NMME models.

Model Correlation coefficient
GFDL-CM2p5-FLOR-A06 0.68
CMC2-CanCM4 0.58
GFDL-CM2p5-FLOR-B01 0.52
NASA-GMAO-062012 0.50
COLA-RSMAS-CCSM4 0.37
CMC1-CanCM3 0.20
NCEP-CFSv2 0.10
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Figure 7. Pearson correlation skill comparison of individual and ensemble NMME models at a 1-month lead-time.

Productive Safety Net Program a social safety net supporting some of Ethiopia’s
poorest and most food-insecure families [50] because of extreme drought. Very
recently the 2015 El Nifio-induced drought has caused food insecurity among
10.2 million people one of the highest on the record [1]. It is thus very important
to analyze extreme events [51]. Particular example in Ethiopia is droughts and
flood continuously occurred over northeastern, eastern, central and northern
parts of the country and recently become an annual problem for loss of lives and
properties [48].

Accurate and reliable prediction of the seasonal rainfall prior few months in
advance can assist in anticipating extreme events such as drought. We have cho-
sen to focus on the extreme drought year of 2015 in order to examine the skill of

the NMME system in capturing the dry extreme event. Figure 9 indicates that

DOI: 10.4236/acs.2022.121005

66 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.121005

A. Teshome et al.

GFDL-CM2p5-A06 CMC2-CanCM4 GFDL-CM2p5-B01

34 36 38 40 42 44 46 48 34 36 38 40 42 44 46 48 34 36 38 40 42 44 46 48
(a) (b) (©
NASA-GE0SS2S COLA-CCSM4 CMC1-CanCM3

34 36 38 40 42 44 46 48 34 36 38 40 42 44 46 48 34 36 38 40 42 44 46 48

NCEP-CFSv2 Ensemble Spearman

34 36 38 40 42 44 46 48 34 36 38 40 42 44 46 48
(2 (h)

Figure 8. The same as Figure 7 but for Spearman correlation skill comparison of individual and ensemble NMME models at a
1-month lead-time.

the NMME models predict a below normal probability category rather than
above normal. The models capture more than 85% of the area that experienced
below normal rainfall over northern, northeastern, central, and eastern parts of
Ethiopia during the strong El Nifio year of 2015 in the JJAS season. Due to this
most parts of Ethiopia affected by drought extremes in 2015. So, NMME based
forecasting is skillful to detect the drought extremes over Ethiopia. Previous stu-
dies of [52] revealed that NMME models had a higher skill to predict the season-
al drought extremes. Moreover, [15] used seasonal precipitation forecasts from
the NMME and other GCMs to examine the predictability of drought onset
around the globe.
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Figure 9. Ensemble NMME model rainfall probability category of below and normal (top left and right) above
normal (bottom left) and 2AFC deterministic skill (bottom right panel) during 2015 El Niflo year.

5. Conclusions and Recommendations

In this paper, we have evaluated the skill of the North American Multi-Model
Ensemble (NMME) in forecasting June-September (JJAS) seasonal rainfall over
Ethiopia, based on hindcasts spanning 28 years (1982-2009). The performance of
seasonal forecast rainfall was evaluated using Pearson and Spearman correlation,
ROC, and root mean square error (RMSE), including both deterministic and
probabilistic skill scores. Noticeable skill differences in seasonal rainfall predic-
tion were found between individual models at a one-month lead time.

The main findings of our study are the following:

1) The GFDL-CM2p5-FLOR-A06, CMC2-CanCM4, GFDL-CM2p5-FLOR-
B01, and NASA-GMAO-062012 models have relatively high skill (correlation
of >0.5 and higher) over northern, northwestern, northeastern, and few places in
central parts of Ethiopia. The COLA-RSMAS-CCSM4, CMCI1-CanCM3, and
NCEP-CFSv2 NMME models show lower skill (correlation <0.5), and these
models reveal limited skill. GFDL-CM2p5-FLOR-A06, CMC2-CanCM4, GFDL-
CM2p5-FLOR-BO01, and NASA-GMAO-062012 show better skill performance in
predicting the JJAS seasonal rainfall at 1 one-month lead time.

2) These models capture most of the JJAS seasonal rainfall over northern,
northeastern, central, southwestern, and northwestern portions of Ethiopia with
promising skill. However, the models exhibit limited skill in predicting the JJAS

DOI: 10.4236/acs.2022.121005

68 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.121005

A. Teshome et al.

seasonal rainfall over western and southeastern parts of the country. Pearson
and Spearman’s correlations are weak or strongly negative over western Ethi-
opia.

1.The performance of the multi-model ensemble of the NMME model re-
vealed better skill over the northern portion of Ethiopia, and the ensemble skill
is very limited over western parts of Ethiopia. It appears that a multimodel en-
semble of only the better performing individual models would exhibit additional
skill.

3) This assessment of NMME models also shows that the models are more
promising for forecasting dry conditions (including extreme drought events)
relative to wet conditions over Ethiopia.

Generally, the NMME is a promising tool for seasonal forecasting over Ethi-
opia during the June-September season. However, both individual and ensemble
NMME model skill of rainfall forecasts is limited over the western and southeas-
tern parts of Ethiopia. A more comprehensive skill assessment is a necessary
next step to understand the skill of NMME models to predict the seasonal rain-
fall in different seasons with different lead times over Ethiopia. The results pro-
vide promise for significant advancement in operational rainfall forecasting over

Ethiopia.

Acknowledgments

This work is undertaken as part of the Columbia World Project, ACToday, Co-
lumbia University in the City of New York and by the National Key R&D Pro-
gram of China (2018YFC1507101). The authors express their appreciation to IRI
and Nanjing University of Information Science and Technology (NUIST) for
encouraging and supporting the research. The authors are grateful to the Inter-
national Research Institute of Columbia University (IRI) for providing the NMME
model data utilized in this study.

Data Availability

The NMME model data used to support the findings of this study are available
from International Research Institute Data Library (IRDL) at
https://iridl.ldeo.columbia.edu/SOURCES/Models/NMME/).

Conflicts of Interest

The authors declare no conflicts of interest regarding the publication of this paper.

References

[1] FAO (2016) Food and Agricultural Organization (FAO), FAO in Ethiopia El Nifo
Response Plan 2016. FAO, Rome.

[2] Ahmadalipour, A., Moradkhani, H. and Rana, A. (2018) Accounting for Downscal-
ing and Model Uncertainty in Fine-Resolution Seasonal Climate Projections over
the Columbia River Basin. Climate Dynamics, 50, 717-733.
https://doi.org/10.1007/s00382-017-3639-4

DOI: 10.4236/acs.2022.121005

69 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.121005
https://iridl.ldeo.columbia.edu/SOURCES/Models/NMME/
https://doi.org/10.1007/s00382-017-3639-4

A. Teshome et al.

(3]

(5]

(7]

(8]

(9]

(10]

(11]

(12]

(13]

(14]

(15]

(16]

(17]

Cuo, L., Pagano, T. and Wang, Q. (2011) A Review of Quantitative Precipitation
Forecasts and Their Use in Short- to Medium-Range Streamflow Forecasting. Jour-
nal of Hydrometeorology, 12, 713-728. https://doi.org/10.1175/2011JHM1347.1

DeChant, C. and Moradkhani, H. (2014) Toward a Reliable Prediction of Seasonal
Forecast Uncertainty: Addressing Model and Initial Condition Uncertainty with

Ensemble Data Assimilation and Sequential Bayesian Combination. Journal of Hy-
drology, 519, 2967-2977. https://doi.org/10.1016/j.jhydrol.2014.05.045

Lavers, D., Luo, L. and Wood, E. (2009) A Multiple Model Assessment of Seasonal
Climate Forecast Skill for Applications. Geophysical Research Letters, 36, 639.
https://doi.org/10.1029/2009GL041365

Saha, S., et al (2014) The NCEP Climate Forecast System Version 2. Journal of Cli-
mate, 27, 2185-2208. https://doi.org/10.1175/JCLI-D-12-00823.1

Molteni, F., et al (2011) The New ECMWF Seasonal Forecast System (System 4).
European Centre for Medium-Range Weather Forecasts, Reading.

Kirtman, et al (2014) The North American Multimodel Ensemble: Phase-1 Season-
al-to-Interannual Prediction; Phase-2 toward Developing Intraseasonal Prediction.
Bulletin of the American Meteorological Society, 95, 585-601.
https://doi.org/10.1175/BAMS-D-12-00050.1

Barnston, A., Tippett, M., Ranganathan, M. and L'Heureux, M. (2016) Determinis-
tic Skill of ENSO Predictions from the North American Multimodel Ensemble. CIi-
mate Dynamics, 53, 7215-7234.

Becker, E., den D, H. and Zhang, Q. (2014) Predictability and Forecast Skill in
NMME. Journal of Climate, 27, 5891-5906.
https://doi.org/10.1175/JCLI-D-13-00597.1

Siderius, C., Gannon, K., Ndiyoi, M., Opere, A., Batisani, N., Olago, D. and Pardoe,
J.C.D. (2018) Hydrological Response and Complex Impact Pathways of the 2015/2016
El Nino in Eastern and Southern Africa. Earth’s Future, 6, 2-22.
https://doi.org/10.1002/2017EF000680

Slater, L., Villarini, G. and Bradley, A. (2016) Evaluation of the Skill of North-
American Multi-Model Ensemble (NMME) Global Climate Models in Predicting
Average and Extreme Precipitation and Temperature over the Continental USA.
Climate Dynamics, 53, 7381-7396. https://doi.org/10.1007/500382-016-3286-1

Manganello, J., Cash, B., Hodges, K. and Kinter, J. (2017) Seasonal Forecasts of
North Atlantic Tropical Cyclone Activity in the North American Multi-Model En-
semble. Climate Dynamics, 53, 7169-7184.
https://doi.org/10.1007/s00382-017-3670-5

Jha, B., Kumar, A. and Hu, Z.-Z. (2016) An Update on the Estimate of Predictability
of Seasonal Mean Atmospheric Variability Using North American Multi-Model
Ensemble. Climate Dynamics, 53, 7397-7409.
https://doi.org/10.1007/s00382-016-3217-1

Yuan, X. and Wood, E. (2013) Multimodel Seasonal Forecasting of Global Drought
Onset. Geophysical Research Letters, 40, 4900-4905.
https://doi.org/10.1002/grl.50949

Infanti, J. and Kirtman, B. (2014) Southeastern US Rainfall Prediction in the North
American Multi-Model Ensemble. Journal of Hydrometeorology, 15, 529-550.
https://doi.org/10.1175/JHM-D-13-072.1

Thober, S., Kumar, R., Sheffield, J., Mai, J., Schéfer, D. and Samaniego, L. (2015)
Seasonal Soil Moisture Drought Prediction over Europe Using the North American

DOI: 10.4236/acs.2022.121005

70 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.121005
https://doi.org/10.1175/2011JHM1347.1
https://doi.org/10.1016/j.jhydrol.2014.05.045
https://doi.org/10.1029/2009GL041365
https://doi.org/10.1175/JCLI-D-12-00823.1
https://doi.org/10.1175/BAMS-D-12-00050.1
https://doi.org/10.1175/JCLI-D-13-00597.1
https://doi.org/10.1002/2017EF000680
https://doi.org/10.1007/s00382-016-3286-1
https://doi.org/10.1007/s00382-017-3670-5
https://doi.org/10.1007/s00382-016-3217-1
https://doi.org/10.1002/grl.50949
https://doi.org/10.1175/JHM-D-13-072.1

A. Teshome et al.

(18]

(19]

(20]

(21]

(22]

(23]

(24]

(25]

(26]

(27]

(28]

(29]

(30]

(31]

(32]

Multi-Model Ensemble (NMME) Journal of Hydrometeorology, 16, 2329-2344.
https://doi.org/10.1175/JHM-D-15-0053.1

Wood, E., Yuan, X., Roundy, J. and Sheffield, J. (2015) Seasonal Forecasting of
Global Hydrologic Extremes Using the North American Multimodel Ensemble Sys-
tem. EGU General Assembly Conference, Vienna, 12-17 April 2015.

Korecha, D. and Barnston, A. (2007) Predictability of June-September Rainfall in
Ethiopia. The Monthly Weather Review, 135, 628-650.
https://doi.org/10.1175/MWR3304.1

Wolter, K. and Timlin, M.S. (1998) Measuring the Strength of ENSO Events: How
Does 1997/98 Rank? Weather, 53, 315-324.
https://doi.org/10.1002/j.1477-8696.1998.tb06408.x

Korecha, D. and Sorteberg, A. (2013) Validation of Operational Seasonal Rainfall
Forecast in Ethiopia. Water Resources Research, 49, 7681-7697.
https://doi.org/10.1002/2013WR013760

Andrew, S., Wang, Q.J. and Robertson, D.E. (2012) Combining the Strengths of Sta-
tistical and Dynamical Modeling Approaches for Forecasting Australian Seasonal
Rainfall. Journal of Geophysical Research, 117, D20107.
https://doi.org/10.1029/2012JD018011

MoWE (2013) Federal Democratic Republic of Ethiopia, Ministry of Water and
Energy, Addis Ababa, Ethiopia.

Diro, G.T., et al. (2010) Teleconection between Ethiopian Summer Rainfall and Sea
Surface Temperature: Part II. Seasonal Forecasting. Climate Dynamics, 37, 121-131.
https://doi.org/10.1007/s00382-010-0896-x

Gissila, T., Black, E., Grimes, D.I.F. and Slingo, J.M. (2004) Seasonal Forecasting of
the Ethiopian Summer Rains. Infernational Journal of Climatology, 24, 1345-1358.
https://doi.org/10.1002/joc.1078

Segele, Z.T. (2005) Characterization and Variability of Kiremt Rainy Season over
Ethiopia. Meteorology and Atmospheric Physics, 89, 153-180.
https://doi.org/10.1007/s00703-005-0127-x

Seleshi, Y. (1995) Rainfall Variability in the Ethiopian and Eritrean Highlands and
its Links with the Southern Oscillation Index. Journal of Biogeography, 22, 945-952.
https://doi.org/10.2307/2845995

Shanko, D. (1998) The Effect of the Southwest Indian Ocean Tropical Cyclones on
Ethiopian Drought. International Journal of Climatology, 18, 1373-1378.
https://doi.org/10.1002/(SICI)1097-0088(1998100)18:12<1373::AID-JOC313>3.0.C

Tsegay, W. (1998) El Nifio and Drought Early Warning in Ethiopia. Infernet Jour-
nal of African Studies, No. 2.

Tsegay, W. (2001) The Case of Ethiopia: Impacts and Responses to the 1997-98 El
Nifio Event. In: Glantz, M.H., Ed., Once Burned, Twice Shy? Lessons Learned from
the 1997-98 El Nifio, United Nations University Press, Tokyo, 88-100.

Hagedorn, R.F., Doblas-Reyes, J. and Palmer, T.N. (2005) The Rationale behind the
Success of Multi-Model Ensembles in Seasonal Forecasting—I. Basic Concept. Te/-
lus A, 57, 219-233. https://doi.org/10.1111/j.1600-0870.2005.00103.x

Palmer, T.N. and Coauthors (2004) Development of a European Multimodel En-
semble System for Seasonal-to-Interannual Prediction (DEMETER). Bulletin of the
American Meteorological Society, 85, 853-872.
https://doi.org/10.1175/BAMS-85-6-853

DOI: 10.4236/acs.2022.121005

71 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.121005
https://doi.org/10.1175/JHM-D-15-0053.1
https://doi.org/10.1175/MWR3304.1
https://doi.org/10.1002/j.1477-8696.1998.tb06408.x
https://doi.org/10.1002/2013WR013760
https://doi.org/10.1029/2012JD018011
https://doi.org/10.1007/s00382-010-0896-x
https://doi.org/10.1002/joc.1078
https://doi.org/10.1007/s00703-005-0127-x
https://doi.org/10.2307/2845995
https://doi.org/10.1002/(SICI)1097-0088(1998100)18:12%3C1373::AID-JOC313%3E3.0.CO;2-K
https://doi.org/10.1002/(SICI)1097-0088(1998100)18:12%3C1373::AID-JOC313%3E3.0.CO;2-K
https://doi.org/10.1111/j.1600-0870.2005.00103.x
https://doi.org/10.1175/BAMS-85-6-853

A. Teshome et al.

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

(42]

(43]

(44]

(45]

[46]

(47]

(48]

(49]
(50]

Smith, D.M. and Coauthors, A. (2013) Real-Time Multi-Model Decadal Climate
Predictions. Climate Dynamics, 41, 2875-2888.
https://doi.org/10.1007/s00382-012-1600-0

Merryfield, W.J., Lee, W.S., Boer, G.J., Kharin, V.V., Scinocca, J.F., Flato, G.M,,
Ajayamohan, R.S., Fyfe, ].C., Tang, Y. and Polavarapu, S. (2013) The Canadian Sea-
sonal to Interannual Prediction System. Part I: Models and initialization. Monthly
Weather Review, 141, 2910-2945. https://doi.org/10.1175/MWR-D-12-00216.1.

Vecchi, G.A., et al. (2014) On the Seasonal Forecasting of Regional Tropical Cyc-
lone Activity. Journal of Climate, 27, 7994-8016.

Vernieres, G., Rienecker, M., Kovach, R. and Keppenne, C. (2012) The GEOS-iODAS:
Description and Evaluation. NASA Technical Report Series on Global Modeling
and Data Assimilation, NASATM-2012-104606.

Funk, C., Peterson, P., Landsfeld, M., Pedreros, D., Verdin, J., Rowland, J., Romero,
B., Husak, G., Michaelsen, J. and Verdin, A. (2014) A Quasi-Global Precipitation
Time Series for Drought Monitoring. U.S. Geological Survey Data Series, 832, 1-12.
https://doi.org/10.3133/ds832

Funk, C., Verdin, J., Michaelsen, J., Peterson, P., Pedreros, D. and Husak, G.
(2015b) A Global Satellite Assisted Precipitation Climatology. Earth System Science
Data Discussions, 7, 1-13. https://doi.org/10.5194/essdd-8-401-2015

Wilks, D.S. (2006) Statistical Methods in the Atmospheric Sciences. Second Edition,
Academic Press, San Diego.

Barnston, A.G. and Smith, T.M. (1996) Specification and Prediction of Global Sur-
face Temperature and Precipitation from Global SST Using CCA. Journal of Cli-
mate, 9, 2660-2697.
https://doi.org/10.1175/1520-0442(1996)009<2660:SAPOGS>2.0.CO;2

Kirtman, B.P. (2003) The COLA Anomaly Coupled Model: Ensemble ENSO Predic-
tion. Monthly Weather Review, 131, 2324-2341.
https://doi.org/10.1175/1520-0493(2003)131<2324:TCACME>2.0.CO;2

Mason, 1. (1982) A Model for Assessment of Weather Forecasts. Australian Meteo-
rological Magazine, 30, 291-303.

Evans, ].D. (1996) Straightforward Statistics for the Behavioral Sciences. Brooks/Cole
Publishing, Pacific Grove.

Taylor, K.E. (2001) Summarizing Multiple Aspects of Model Performance in a Sin-
gle Diagram. Journal of Geophysical Research, 106, 7183-7192.
https://doi.org/10.1029/2000]D900719

Tayeb, R., Peyman, D. and Bahram, S. (2005) Annual Rainfall Trend in Arid and
Semi-Arid Regions of Iran.

Mason, S.J. and Graham, N.E. (2002) Areas beneath the Relative Operating Charac-
teristics (ROC) and Levels (ROL) Curves: Statistical Significance and Interpretation.
Quarterly Journal of the Royal Meteorological Society, 128, 2145-2166.
https://doi.org/10.1256/003590002320603584

Swets, J.A. (1973) The Relative Operating Characteristic in Psychology. Science,
182, 990-1000. https://doi.org/10.1126/science.182.4116.990

Asaminew, T. and Jie, Z. (2019) Increase of Extreme Drought over Ethiopia under
Climate Warming. Advances in Meteorology, 2019, Article ID: 5235429.
https://doi.org/10.1155/2019/5235429

WEP (2015) Ethiopia Overview. World Food Program, Rome.

GOE (2015) Joint Government and Humanitarian Partners’ Document. Govern-

DOI: 10.4236/acs.2022.121005

72 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.121005
https://doi.org/10.1007/s00382-012-1600-0
https://doi.org/10.1175/MWR-D-12-00216.1
https://doi.org/10.3133/ds832
https://doi.org/10.5194/essdd-8-401-2015
https://doi.org/10.1175/1520-0442(1996)009%3C2660:SAPOGS%3E2.0.CO;2
https://doi.org/10.1175/1520-0493(2003)131%3C2324:TCACME%3E2.0.CO;2
https://doi.org/10.1029/2000JD900719
https://doi.org/10.1256/003590002320603584
https://doi.org/10.1126/science.182.4116.990
https://doi.org/10.1155/2019/5235429

A. Teshome et al.

(51]

(52]

ment of Ethiopia and Partners. Addis Ababa.

Tian, X.T., Li, D.L., Zhou, J.H., Zhou, Y.Q. and Zhang, Z.X. (2019) Characteristics
Analysis on Short-Time Heavy Rainfall during the Flood Season in Shanxi Province,
China. Journal of Geoscience and Environment Protection, 7, 190-203.
https://doi.org/10.4236/gep.2019.73011

Yao, M.-N. and Yuan, X. (2018) Evaluation of Summer Drought Ensemble Predic-
tion over the Yellow River Basin. Atmospheric and Oceanic Science Letters, 11,
314-321. https://doi.org/10.1080/16742834.2018.1484253

DOI: 10.4236/acs.2022.121005

73 Atmospheric and Climate Sciences


https://doi.org/10.4236/acs.2022.121005
https://doi.org/10.4236/gep.2019.73011
https://doi.org/10.1080/16742834.2018.1484253

	Skill Assessment of North American Multi-Models Ensemble (NMME) for June-September (JJAS) Seasonal Rainfall over Ethiopia
	Abstract
	Keywords
	1. Introduction
	2. Study area and Data
	2.1. Study Area
	2.2. Data
	2.2.1. Description of NMME Models
	2.2.2. Observation Datasets


	3. Methodology
	3.1. Canonical Correlation Analysis (CCA) Approaches
	3.2. Deterministic and Probabilistic Skill Assessment
	3.3. Taylor Diagram

	4. Results and Discussion
	4.1. Climatology of JJAS Season
	4.2. Deterministic and Probabilistic Skill of NMME Models
	4.2.1. Verification Metrics
	4.2.2. Correlation Skill of NMME Models

	4.3. Extreme Event Diagnosis in the Case of El Niño 2015

	5. Conclusions and Recommendations
	Acknowledgments
	Data Availability
	Conflicts of Interest
	References

