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Abstract: Selection of a suitable General Circulation Model (GCM) ensemble is crucial for effective
water resources management and reliable climate studies in developing countries with constraint
in human and computational resources. A careful selection of a GCM subset by excluding those
with limited similarity to the observed climate from the existing pool of GCMs developed by

different modeling centers at various resolutions can ease the task and minimize uncertainties. In
this study, a feature selection method known as symmetrical uncertainty (SU) was employed to
assess the performance of 26 Coupled Model Intercomparison Project Phase 5 (CMIP5) GCM
outputs under Representative Concentration Pathway (RCP) 4.5 and 8.5. The selection was made
according to their capability to simulate observed daily precipitation (prcp), maximum and
minimum temperature (Tmax and Tmin) over the historical period 1980-2005 in the Niger Delta
region which is highly vulnerable to extreme climate events. The ensemble of the four top-ranked
GCMs, namely ACCESS1.3, MIROC-ESM, MIROC-ESM-CHM and NorESM1-M, were selected for
the Spatio-temporal projection of prcp, Tmax and Tmin over the study area. Results from the chosen
ensemble predicted an increase in the mean annual prcp between the range of 0.26% to 3.57% under
RCP 4.5, and 0.7% to 4.94% under RCP 8.5 by the end of the century when compared to the base
period. The study also revealed an increase in Tmax in the range of 0 to 0.4 °C under RCP4.5 and
1.25-1.79 °C under RCP8.5 during the periods 2070 — 2099. Tmin also revealed a significant increase
of 0 to 0.52 °C under RCP4.5 and between 1.38-2.02 "C under RCP8.5, which shows that extreme
events might threaten the Niger Delta due to climate change. Water resource managers in the region

can use these findings for effective water resources planning, management and adaptation

measures.
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1. Introduction

General Circulation Models (GCMs) are numerical mathematical-representations of the
atmosphere, ocean, and land surface processes developed based on physical laws and physical-
based empirical relationships. GCMs simulations are essential tools for assessing the impact of
climate change for a range of human and natural systems [1]. The simulated GCM_outputss
climate isare associated with uncertainties (e.g. due to model resolution, parametrisation;
assumption, or calibration processes e.t.c [2-10] that hinder GCMs outputs from medelingaccurately
projecting future climate prejecons—at a regional or local level. To reduce #ais—these
Hﬂeefta-iﬂtyuncertainties a subset of GCMs ‘may be selected_to caveat—fe; a given study area by

meée%kﬂg—eeﬂtres—apvaﬂea&resehmeﬂs—&nd—uﬂeeﬁamﬂes—These uncertainties can be mlmmlsed by

a careful selection of an ensemble model for climate projection [14]. It is also practically not feasible
to use all the CMIP5 GCMs for climate change projection and impact assessment due to constraint in
human and computational resources [15]. A small ensemble of more appropriate GCMs is selected
for any region of interest by excluding those considered unrealistic and in order to reduce_the spread
of uncertainties associated with GCM [11]._

The selection of a GCM ensemble subset requires an approach tailored towards the efficacy of
the model dependence or performance in climate projection impact analyses [16]. Existing methods

generally follow two approaches: (i) the ‘past performance approach’, which is based on a GCMs
ability to replicate historical climate but does not take into account the future projection [17], and (ii)
the “envelope approach’, which selects GCMs according to their agreement in the future climate
projections but does not consider a GCMs ability to replicate the past climate [18]. The combination
of the past performance approach with the envelope method is referred to as the ‘hybrid approach’.
The past performance approach produces mere—realisticbetter projections when employed for
identifying an ensemble from a large pool of GCMs, suggesting that the past performance evaluation
is a suitable approach because the ability of a GCM to simulate the past climatic conditions suggests
it may also-therefore, therefore, be more likely to predict the future climate with increased accuracy
[8,11,19,20]. ,

[ Formatted: MDPI_1.7_abstract

[ Formatted: Font: (Asian) {4k

A GCM ensemble produced by the past performance approach is usually assessed by comparing
historical observed climatic variables with the simulated GCM variables over a baseline period [19].
Three algorithms known as ‘filters’, “wrappers’ and the ‘hybrid’ of filters and wrappers have been
used by the past performance approach in the selection of the GCMs subset by ranking the GCMs
concerning a climate variable(s) based on their past performance [11,21]. These three algorithms are
also referred to as ‘Feature selection methods’. The filter's algorithm select an ensemble of GCMs
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based on their derived scores from various statistical tests such as correlation coefficient, significance
tests, linear discriminant analysis, and information gain [22-25]; while wrappers algorithm, in
contrast, select an ensemble of GCMs by employing iterative learning algorithms such as forward
selection, recursive variable elimination and greedy search [12,26]. Hybrids of filters and wrappers
are used to identify better performing GCMs from an initially filtered ensemble of GCMs [12,27]. The
major drawback of filters is that they ignore inter-dependencies among GCMs_output for a given
variable and therefore, may select inappropriate GCMs for the ensemble. Wrappers are also
computationally intensive and also often found to choose irappropriate-the best set of GCMs due to
overfitting of the regression model [11,12]. The hybrids of filters and wrappers are computationally
less intense compared to wrappers but found to perform similarhyto-wrappers-better when used on

alarge number of GCMs [11,15,28]. Hybrids-offilters-and-wrappers-are-moresuitable-to-be-used-with
atargonumberobGENMsHHASE

Many studies have been conducted to determine the performance of GCM_outputs bys
employing various wrappers and filters in respect to gridded data which include; clustering
hierarchy [14], weighted skill score [29], spectral analysis [30], Bayesian weighting [31], and
information entropy [32]-have-beenused-for-the-abovepurpese. Various statistical indicators such
as correlation coefficients [23] have also been used for GCM evaluation, ranking and selection. The
disadvantages of using these—statistical indicators such as correlation coefficients is that their

performance matrices are also mostly evaluated based on the mean climatic condition state-of-the

climaticcondition-where temporal variability such-as-trends-orseasenal-variability-of the climate is

not given full attention [33].
Several studies have recently used the feature selection methods te-in selecting the most suitable

GCMs-to-form—an ensemble subset for climate studies and projection in different areas around the

world._Symmetrical uncertainty (SU) is a feature selection method which measures changes in

entropy based on the concept of information entropy in other to assess the similarity or mutual
information between GCM and observed datasets [34-36]._-[8] used SU in the selection of GCMs for

the spatiotemporal forecast of changes in temperature of Iraq. [12,19] recently used SU in selecting,
ranking and assessing the performance of several GCMs in Pakistan. [20] applied a combination of
Entropy Gain (EG), Gain Ratio (GR), and Symmetrical Uncertainty (SU) approach in screening the
past performance and selection of rainfall GCMs in Nigeria. This study explores the use of
Symmetrical UncertaintySU feature selection methods in selecting and ranking the most suitable
GCMs to form an ensemble GCM for temperature-andrainfallPcp, Tmax and Tmin projection in the
Niger Delta part of Nigeria. The objective of this study was, therefore, to use the Symmetrical
Uncertainty SU-algorithms in identifying the most suitable GCMs ensemble from 26 CMIP5 GCMs
in reconstructing the prcp, Tmax and Tmin precipitationmaximum-and-minimum-temperatare-over
the Niger Delta for reliable climate projection. The selected GCMs ensemble was then used for reliable
prediction of climate for the Niger Delta, which is highly vulnerable to extreme climate events with

large spatial and seasonal variability.
2. Materials and methods

2.1. Description of the study area

The study area is located in the Niger Delta part of Nigeria and comprises of Bayelsa and Rivers
State —Fheplacements-of these states-are-presented-in-(Figure 1). The area-is-area is low lying coastal
area drained by Rivers Kwa-Ibo, Imo, Bonny, Aba, Kwa-tbe,Benny-and their respective-tributaries.
The region belongs to the equatorial climate towards the southern coast and subequatorial climate
towards the northern tropical rainforest [37]. The topegraphy—elevation of the area under the

1nﬂuence of hlgh coastal tldes results in floodlngL mest—l—y— speaally durmg the ramy season [38] fPhe

region—The area is characterised by typical troplcal wet (March to October) and dry seasons
(November to February) with a mean annual rainfall deereasing-increasing from 2000 mm around
the northern fringe to about 4500 mm around the coastal margin te-abeut2000-mm—-areund-the
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northernfringe of thestudy-area-[39]. A short spell of the dry season, often referred to as the ‘August

break’ caused by the deflection of the moisture-laden current is often experienced in August and
semetimes-oceursinJuly-or September [40]—drue—te—vaﬂafc-}eas—m—weafehef
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Figure 1. Map of the-study area in-Nigeria-showing the spatial distribution of 0.5° x 0.5° grids.

The mean monthly temperatures are higher up to 26.67 °C around March / April and as low as
24.44 °C during July/ August giving a small annual range of 2.73 °C. The mean relative humidity of
the area is relatively high often reaching 90%, while the warm, wet southwesterly winds blow inland
most of the year and the dust-laden, warm-dry North-easterly winds occasionally reach the coast for
small periods of the year [41]. Recent studies show that during the last 20 years [42], a trend of
increase in prcp, Tmin and Tmax and flood frequencies observed over the years in the Niger Delta

due to global warming depicts a clear sign of climate change with a variable future climate over the
region [43-46].

) [ Formatted: Justified, Indent: Left: 0 cm
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Table 1. General Circulation Models (GCMs) Used in the Study at 0.5° Grid.

GCM No GCM Name Institute Resolution
Commonwealth Scientific and Industrial
1 ACCESS1.3 Research Organisation—Bureau of Meteorology, 1.9x1.2
Australia
2 CanCM4 Canadian Centre for Climate Modelling and 28 %28
. X .
3 CanESM?2 Analysis, Canada
4 CCsSM4 National Centre for Atmospheric Research USA  0.94 x 1.25
5 CMCC.CESM Centro Euro-Mediterraneo sui Cambiamenti 0.7x0.7
6 CMCC.CMS Climatici, Italy 1.9x19
Centre National de Recherches
7 CNRM.CM5 14 x1.4
Météorologiques, Centre, France
8 CSIRO.MK3.6.0 Commonwealth Scientific and Industrial 1.9x19
9 CSIRO.MK3L.1.2 Research Organization, Australia
10 GFDL.CM3 2.5x2.0
Geophysical Fluid Dynamics Laboratory, USA
11 GFDL.ESM2M
NASA/GISS (Goddard Institute for Space
12 GISS.E2.H 25x2.0
Studies), USA
13 HadCM3
14 HadGEM2.AO
Met Office Hadley Centre, UK 19x1.2
15 HadGEM2.CC
16 HadGEM2.ES
17 INMCM4 Institute of Numerical Mathematics, Russia 20x15
18 IPSL.CM45A.LR 25x1.3
Institut Pierre Simon Laplace, France
19 IPSL.CM5A.MR 3.7x19
20 MIROC.ESM The University of Tokyo, National Institute for 28x28
- X .
21 MIROC.ESM.CHM Environmental Studies, and Japan Agency for
Marine-Earth Science and Technology, Japan
22 MIROC5 14x14
23 MPLESM.LR
Max Planck Institute for Meteorology, Germany 1.9x1.9
24 MPILESM.MR
25 MRI.CGCM3 Meteorological Research Institute, Japan 11x1.1
26 Noer.ESM1.M Meteorological Institute, Norway 25x19

2.2. Data and sources

[ Formatted: Space Before: 54 pt
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P02  2.2.1. Gridded Dataset

P03 The datasets used in this study are the Climate Research Unit (CRU) daily prep, Tmax and Tmin

P04 datasets between the historic years of 1980 to 2005 over the Niger Delta part of Nigeria due to the
P05 scarcity of reliable long records of hydroclimatological stations observations in the area. The CRU

06 datasets are observation-based gridded prcp, Tmin and Tmax datasets which are widely used
P07 because of their extensive spatial and temporal coverage extracted from the CRU version 4.01 global
P08 climate dataset [47—49]. They were found to be the best-fit datasets that replicate the distribution
209 patterns, spatial and temporal variability of the Niger Delta’s observed datasets [50]. The gridded
10 datasets are re-gridded to a common spatial resolution of 0.5°X 0.5° following the agreed resolution
P11  of the GCMs. The daily CRU datasets were downloaded from [http://www.cru.uea.ac.uk] resulting
P12 in an equal number of grids (22 grids) which were spatially distributed across the study area. The
13 observed station data had only one observation within the study area with two other contributing
P14  stations outside the study area. The historic daily climate data (prcp, Tmin and Tmax) data within
P15 the same grid locations that house the observed meteorological station were downscaled to the
16 station resolution. These datasets cover a period of 1980 — 2005 for the historical period as observed
P17 climate data and GCM-simulated dataset covering periods of 1950-2005 for the historical periods and
P18 2006 — 2099 for the future periods.

P19  2.2.2. Coupled Model Inter-comparison Project Phase 5 (CMIP5) GCM Datasets
220 Twenty-six. GCMs of ISI-MIP (Inter-sectorial impact model inter-comparison project) [51]

P21 models (Table 1) and two carbon and other greenhouse, aerosols, etc. emission scenarios (RCP4.5 and
P22  RCPS8.5) for the years (1980-2099) were downscaled for the basin in other to be consistent with the
P23 CRU datasets observations. The GCM data was obtained from the CMIP5 data portal website
24 (http://pemdi9.linl.gov/). The GCMs were selected based on the availability of daily simulation for
P25 two representative concentration pathways (RCP), which are RCP4.5 and RCP8.5 scenarios.

26 The RCP4.5 is an intermediate pathway scenario which shows a good agreement with the latest
27 policy of lower greenhouse gas emission by the global community while the RCP8.5 is the business-
P28 as-usual scenario which is consistent with future that has no change in climate policy to reduce
229 emissions [52]. Therefore, RCP 4.5 and RCP 8.5 were selected as these two scenarios can provide a
230 possible complete range of impact. As the GCMs are available in different resolutions, all CMIP5 data
P31 were, therefore, extracted and downscaled uniformly to the same spatial scale (0.5° X 0.5°) to reduce
32 biases introduced by different resolution for a fair comparison. This technique uses nearby areas to
P33 generate point output from each GCM at each grid point and thus provides a smooth interpolation
P34  which is widely used for re-gridding of GCMs [49]. Table 1 gives an overview of GCMs.

235 3. Methodology

P36 The procedure for identification and ranking of a subset of betterperferminge-GCMs ensemble
R37  for simulation of the spatial and temporal projection of changes in rainfall and temperature for this
238  study are outlined as follows:

1239 1. Extracting and re-gridding of the selected 26 GCMs_-datasets and CRU gridded datasets to* [ Formatted: Justified
240 a spatial resolution of 0.5° x 0.5° was carried out.

41 2. SU was then applied to evaluate and assess the association between the 26 GCMs and the

42 CRU gridded observations (prcp, Tmax and Tmin) at each of the 22 grid points of 0.5°x0.5°

43 resolution covering the study area, (Figure 1) over the reference period study-period-1980 —

244 2005.

l245 3. The GCMs were then ranked based on the computed SU weight obtained at each grid points

246 using the SU weighting technique, where a higher rank was given to GCMs with more weight

I247 in most of the grid points. A separate list of rank is prepared for each climatic variable (prcp,

248 Tmax and Tmin) and each gridded dataset (Table 2).
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4. The overall GCMs ranks were then derived (equation 4) considering all their ranks and the
weights obtained at all the 22 grid over the entire study area.

5. The final ranks of all the three datasets were determined using-a-comprehensiveratingmetrie
based on the frequency of occurrence of each GCM to combine the overall ranks in other to
obtain a single rank for each GCM valid for the entire study.

6. For simplicity, the easiest and yet the most common method of dewnsealing—by—bias
correction was carried out for correction of the biases in the best-selected future GCM
ensemble against the CRU gridded observations. The additive correction method was used
for temperature bias correction while the multiplicative correction method was used to
correct the biases in preeipitation-prcp for GCM simulations under the two RCPs scenarios
for the period 2010 - 2099.

7. The ensemble of the best four performing GCMs was then used for the prejection-prediction
of spatial, temporal and seasonal changes in rainfall for three future periods (2010 — 2039,
2040 - 2069, and 2070-2099) against the historical period (1980 —2005).

3.1. Model selection using symmetrical uncertainty

Symmetrical uncertainty (SU) is an information entrepy—entropy-theery-based filtering
approach based-on-the-conceptofinformation-entropy{47}-which measures the changes in entropy
based on the concept of information entropy in other to assess the similarity or mutual information
ofbetween GCM with-and observed datasets [34,36]. The information entropy estimates the amount
of information common between the two variables. For example, if P(X) and P(Y) are the probability
density functions and P(X, Y) is the joint probability density function of A and B, then the entropy H
between X and Y-{48;491 is given in Eq. (1) as-below [36,53]:

P(X,Y)
HX,Y) = ZP(X Y)logP(X) 76

€y

The relation of entropy and mutual information can then be used to solve the problem in different
ways as follows; if H(X) denote entropy of X, then:

HOO = = [ P 1og(PCX) @

H-estimates-The common information between the two variables is estimated by H as the difference<
between the sum of the entropies-and-theirjoint-entropy. The amount by which the entropy of X
decreases reflects additional information about X provided by Y, and is called information gain (IG),
which is given by Eq. (23)_[54]. Information gain (IG) measures how much one random variable tells
about another.

IG(X,Y)=HX)-HX,Y) —(23)

The H estimated using Equation (1) indicates the amount of mutual information between the
observations and GCMs. If the variables are independent to each other, the IG is 0, while a higher
value of IG indicates the GCMs has higher similarity with the gridded observations.

The IG is biased toward the variable having higher values. These biases are compensated by
dividing the IG value with the sum of the entropies of the random variables, which is referred to as
SU. Therefore, SU provides an unbiased estimation of the degree of similarity or dissimilarity of a
GCM with the corresponding observations regardless of the shape of the underlying distributions.
The SU uses the following steps for GCM selection:

X,Y)= 2 16, 1) 34
SUX,Y) = HOTHD) 34

[ Formatted: Line spacing: single
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92 where, H(X) and H(Y) denotes the conditional entropies of X and Y, while H (X, Y) represents the

93 joint entropy of X and Y, respectively. SU values vary between 0 and 1, where 1 refers to a perfect
294  agreement between the observations and GCMs, while a value of 0 refers to no agreement between
295  the observations and GCMs [55].

96  3.2. Ranking of GCMs using the weighting method

297 Ranking of GCMs at a single grid point is a relatively simple task. However, assessment and
1298 classification of GCMs from multiple grid points become arduous-difficult as the exercise may display
299  different degrees of accuracies at different grid points. This becomes more difficult when the
300  underlying preference model, like weights assignable to different attributes for some parameters, are
301  considered. To overcome this challenges, a technique that aggregates and combines information from
302  different sources such as the weighting Method [56], frequency of occurrence majority rule [57],
303  numerical averaging [13] can be employed. In this study, the ranks of the GCMs relating to each grid
E04 point were computed for each climate variable based on the computed SU weights for the 22 grids
05  points, considering all the 26 GCMs. These are then ranked based on the frequency of occurrence at
306  different ranks [17].
307 Then overall weight (Wo) for each variable (i.e. P, Tmax and Tmin) and each GCM was
308  determined by multiplying the frequency of occurrence of each GCM at a particular rank with the
309  computed SU weight corresponding to its rank and summing all the values obtained [12] as shown

11 W, = X,(w) + X,(wy) + X3(W3) e oo + Xp5(Wog) (45) “ [Formatted: Space Before: 0 pt, After: 6 pt

Elo in Eq. (45) below:

312 where X represents the frequency of occurrence (e.g. X1 corresponds to the frequency of occurrence

313 of GCM at rank 1), w represents the weight corresponding to each rank, and Wo denotes the overall

314  weight of each GCM.

E15 The ensembles of the four top-ranked GCMs was then considered for the simulation of daily
16  Prcp, Tmax and Tmin.

317  3.3. Bias correction

|318 Projected raw GCM typically contains biases when compared with observations [58].-typicatly-
319  Bias correction was carried out to correct the projected raw GCM output using the differences in the
320  mean and variability between GCM and observed datasets. In this study, the biases in the daily time
B21 series of the variables (i.e., prcp, Tmin and TmaxPeptasmax-and-tasmin) from the four top-ranked
B22  GCM outputs were corrected using the easiest and yet the most common methods which were the
B23  Additive—additive method for temperature and multiplicative method for prcp
324 [49,59,60]precipitation. For temperature, the additive correction factor for each month is used, and
B25  the adjusted formula for modified daily temperature ({Tasmax and +Tasmin) is expressed in Eq. (56).

326 Tcorrectedij = TGCM[]‘ + (Treferencejk - TGCMjk) (5§)

B27  where T is the temperature, T7T is the long-term average temperature, and i, j, k are respectively day,
B28  month, and year counters. -For preeipitatienprcp, a multiplicative correction factor for each month
B29  is used, and the modified daily rainfall is expressed in Eq. (67):

P
reference

330 P (67)

corrected; = PGCMU * 3
GCMj

B31  where P is the precipitation (mm day-!), and PR is the long-term average precipitation.

332 3.4. Performance assessment

B33 Performance of the ensembles from all the 26 GCMs_-and 4 seleeted-SU selected GCMs and-the
B34  medified SUGCMsof prcp, Tmax and Tmin were examined using the correlation coefficient (R2) (Eq.
B35  (#8)), Nash-Sutcliff efficiency (NSE) (Eq. (89)), and Root mean square error (RMSE) (Eq. (910)), [61].
336  The correlation coefficient (R?) is a measure of how the ensemble GCMs are likely to be predicted by
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the model and is equivalent to the sample cross-correlation between ensemble GCMs and observed
datasets, where the overbar denotes mean values.

(yi —¥)o, —0)

#)

where y and o are predicted and observed values, respectively; and Nv is the number of target data
used for testing.

The Nash-Sutcliff efficiency (NSE) indicates the goodness-of-fit of the simulated ensemble
GCMs and observed data in line 1:1 and can range from — to 1. NSE measures the predictive skill of
a model relative to the mean of observations [61]. In this evaluation, the classification suggested by
[62] described as: NSE €NS-> 0.75 (model is appropriate and good); 0.36 < NSE €ENS-< 0.75 (model is
satisfactory); and NSE €ENS< 0.36 (model is unsatisfactory) was adopted.

Z(Y obs —Y. Slm)

NSE=1-=2 '~ ~ 89)
n s 2 Z
igi(Yiob -Y mean)

where Yic®s is the ith observation for the constituent being evaluated, Yis™ is the ith simulated value
for the constituent being evaluated, Ym**"¥mees is the mean of observed data for the constituent being
evaluated, and n is the total number of observations.

The Root mean square error (RMSE) measures the global fitness of a predictive model.

V2
1 Ny 2 910
RMSE=|= ¥ (y;-o;) (810

2

i=1

where y and o are observed and predicted values respectively; and Nvis the number of target data
used for testing.

4. Results and discussion

4.1. Ranking of the GCMM-ensewblse

Time series GCM and CRU datasets for the period 1980-2005 were used fertheto calculatioern
ofthe SU weights. The GCMs were then ranked according to the weight derived from the SU
technique. The SU weights define the petential-advantage of one GCM over the others in simulating
the observations. The higher the coefficients, the better performance of the GCM of interest.

The overall scores attained by the GCMs over the entire study area was estimated using equation
(4), and the estimated scores for each GCMs are shown in Table 4 respectively. In many cases, small
difference-in-SU weights wereas observed among the GCMs mainly in ipitation-prcp with zero
weights in some cases observed in both Tmax and Tmin, which have also been reported in previous
studies [17,63]. The smaller difference in SU values among GCMs indicated that all the GCMs
performed well with a similar degree of accuracy in replicating observations.

4.2. Spatial distribution of top-ranked GCMs

The SU filter was applied individually to the 26 GCM grid points (0.5°%0.5°) for prcp, Tmax and
Tmin with CRU data over the study area. The spatial distribution of the GCM ensemble from the SU
filter, which ranks as best, second-best and third-best 4+;2-and-3*-are shown in figures 2 (a, b & c);
represented-by-differentcolours-based-on-their SU-weights. Results obtained shows that ACCESS1.3
was found to be the best GCM in simulating preeipitation-prcp in the first rank while no single GCM
was found to dominate the study areas preeipitation-prcp in the second and third rank. The spatial
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distribution of the SU GCMs shows that CSIRO.Mk3L.1.2 was found to dominate the first rank,
IPSL.CM45A.LR was also found to dominate the second rank while GFDL.ESM2M was found to
dominate the 3 rank in simulating both Tmax and Tmin GCMs over the entire study area. However,
the distribution of SU GCMs shows that MIROC-ESM simulated both Tmax and Tmin in most of the
study area.

The Noer.ESM1-M was found to be the best in the western part of the area, while MIROC-ESM
was found to be the best in the eastern part of the study area for the Tmax. ACCESS1.3 was also found
to dominate the second rank for both, Tmax and Tmin. No single GCM was found to dominate the
study areas prcp in the third rank. The-Fmin-was-deminated-by MIROC-ESM-CHMMIROC-ESM-
CHM dominated the Tmin while the CanESM2 was found to perform best in the western part of the
area and MIROC.ESM.CHM was found to be the best in the south-eastern part of the area for the
Tmax in the third rank.
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Figure 2. The spatial distribution of GCMs ranked best, second-best and third-best ¥+-2%¢-and-3+
position using symmetrical uncertainty SU-filter at different gird points for P€Prcp, Tmax and Tmin
over the Niger Delta.

4.3. Selection of GCM ensemble

GCMs that can simulate both PCPPrcp, Tmax and Tmin prepesly—are considered more
appropriate desirable-for climate change impact analysis [8,19].-Based-on-these-eriteria; Twelve GCM
outputs shown in bold ranking from the best performing to the worst as summarised in table 2 met
these criteria. £The top four GCMs were selected according to their higher SU weight and common
performance. Tables 2 shows the overall GCMs seeres-ranksstartinng as well as their performances
after bias correction in simulating the CRU prcp, Tmax and Tmin obtained from overall weights
derived from SU coefficients. The overall scores from the SU filter show that the top four performing
GCMs are ACCESS1.3, MIROC-ESM, MIROC-ESM-CHM, and NorESM1-M. These result further

verified [16] who suggested that GCMs should be treated independently as separate data points as
each model is a myriad of discrete process representations.

Table 2. Overall SSU weights of GCMs and their performanee-ranks according to their ability to
simulate CRU prcp, Tmax and Tmin datasets. The selected GCMs are shown in bold fonts.
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4.4. Ensemble model validation

The performance of the ensemble model at each grid point, for all the 26 GCMs, 4 SU selected
GCMs and CRU datasets were assessed by the coefficient of correlation (R?) and Nash-Sutcliff
efficiency (NSE). As an example, results obtained from the grid point in Port Harcourt is presented
in Table 3, respectively. The results indicated that the ranking of GCMs assisted in identifying a
better-performing GCM ensemble for downscaling of simulations/ projections and can be a possible
way to produce more reliable hydro-climatic information at a finer spatial resolution and with

reduced uncertainties.
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Figure 3. Monthly averages of CRU and Raw datasets (a) 26 Prcp (b) 4 Prcp SU (c) 26 Tmax (d) 4 Tmax SU
(e) 26 Tmin (f) 4 Tmin SU GCM outputs for the Historical periods 1980 — 2005 at the grid point located in
Port Harcourt.

Comparative plots of mean monthly raw 26 GCMs and the 4 SU selected GCMs shown in figure 3 shows<+
that the selected GCM outputs matches better with the observed CRU datasets which suggested a better
performance after bias correction as clearly proved by figures 4 respectively. Results of comparative analysis
between the ensemble of all GCMs and the ensemble SU selected GCMs over the seleeted-grid points and-as
depicted in Table 3 showed low RMSE with high NSE-NSE and R? values which shows that the SU ensemble
performs better in depicting the CRU datasets. The ensemble of all GCMs eensistently-underestimated the sum
(2166.91 mm) and the mean (5.94 mm) of CRU prcp (2227.95 mm & 6.19 mm), respectively. However, application
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of the SU filter in ensemble selection improved the results to a sum of 2255.49 mm and a mean of 6.23 mm. This
trend was observed in all the 22 grid points. Comparison of the mean values obtained at all the grid points for
Tmax and Tmin confirms the better performances of the SU model.

The seasonal averages of the bias-bias-corrected 26 GCM _output s-and the four selected models
were compared to that of the CRU datasets in order to assess the performance of the downscaled
model presented in figure 4 below. The figures show that the selected GCMs matched better with the
CRU datasets after correcting the biases which—_are assumed to indicate that they produce more

realistic projections.shews-is-an-indicator-thatthey-will produce-a-betterensemble:
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Figure 4. Monthly averages of CRU and Bias corrected datasets (a) 26 PCPrcp-GEMs (b) 4 PCP-Prcp SU
GEMs(c) 26 Tmax GEMs-(d) 4 Tmax SU GEMs-(e) 26 Tmin GEMs(f) 4 Tmin SU GCM _outputs for the
Historical periods 1980 — 2005 at the grid_-point located in Port Harcourt.

The obtained results were further validated using interval plots of changes in the annual
averages of CRU datasets with the ensemble of all the 26 GCMs and the 4 selected SU GCMs for prcp,
Tmax and Tmin (Figure 5). The changes and the levels of uncertainty were estimated using the RMSE
and 95% confidence band shows the spread of the uncertainties during the future periods. The

R datasets with the

tationisrelatively hicher durine Decembe X ety a
for-All-and-SU-ensemble—The results obtainedFhese indicated the efficiency of the SU ensemble
models in GCM selection. Overall, the SU filter was found to perform well in improving GCMs
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ensemble selection for simulating the sum and mean; lew -and-extreme-values in the region, as shown
in table 3.

(c)

Min Temp (°C)

Table 3. Performance assessment of GCM ensembles at the grid located in Port Harcourt.

GCM Ensembles
Mean Annual Observed
All SU
Sum 2227.95 2166.91 2255.49
Mean 6.19 5.94 6.23
P ( ) RMSE - 2.42 2.62
rcp (mm,
NSCNSE - 0.58 0.62
R? - 0.86 0.83
Mean 31.13 31.20 31.06
RMSE - 0.68 0.71
Tmax (°C)
NSCNSE - 1.00 1.00
R2 - 0.92 0.92
Mean 22.63 23.12 22.72
RMSE - 0.88 1.17
Tmin (°C)
NSCNSE - 1.00 1.00
0.64 0.62
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Figure 6. Spatial distribution of percentage changes in_average —average-annual preeipitationprcp, for <«
periods (a) 2040-2069 (b) 2070-2099) compared to the base period 1980-2005 for the-two-scenarios-namely;

RCP4.5 and RCP8.5.
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Figure 7. Spatial distribution of percentage changes in average annual Maximum Temperature, for
periods (a) 2040-2069 (b) 2070-2099 compared to the base period 1980-2005 for the-two-scenarios
namely-RCP4.5 and RCP8.5.

“a { Formatted: Space Before: 0 pt




Water 2018, 7, x FOR PEER REVIEW 26 0f33

RCP 4.5

(a) 2040 - 2069
Tmin (°C)
0.00 - 0.36
] 037-1.32
Sk 133-227
S a0 1
5 'ggm 228-3.23
7 B 324-4.18
Bl 119-5.14
Bl 5.15- 6.09
(b) 2070 - 2099
Bl 6.10- 7.05
I 7.06 - 8.00

|| Study Area

0 : - ;
e v é R e a0 ) g ] :
TR g ) i (O . 40 60 80
M AR - — —iles

492
193
494
495
196
197
198
499
500
501
502
503
504
505
506

607 : [ Formatted: Space After: 12 pt

508
509
510
b11




Water 2018, 7, x FOR PEER REVIEW 27 0f33

RCP 4.5

(a) 2040 - 2069

80
Miles

Figure 8. Spatial distribution of percentage changes in average annual Minimum Temperature, for
periods (a) 2040-2069 (b) 2070-2099 compared to the base period 1980-2005 for the-two-scenarios
namely-RCP4.5 and RCP8.5.

Figure 6 shows the variation in pcp changes across the area. The coastal areas are generally
projected to have the highest percentage of changes in pcp for all RCPs and future periods while the
north-western part showed the lowest percentage changes. The changes in pcp range between 0.3%
to 3.78% under RCP 4.5, and 1.62% to 4.74% under RCP 8.5 for the period, 2040-2069. During the
period 2070-2099, a change between 0.26% to 3.57% under RCP 4.5, and 0.7% to 4.94% under RCP 8.5
was also projected across the study area.

The projected changes in annual Tmax and Tmin (Figures 7 and 8) shows an increasing trend across the+—— { Formatted: Indent: Left: 0 cm, First line: 0.74 cm, Right: 0
study area for both future periods and RCPs. Tmax is projected to increase significantly by 3-8% (0.4 °C) under cm, Space Before: 0 pt, After: 0 pt

RCP4.5 and between 3.89-5.47% (1.25-1.79 °C) under RCP8.5 during the periods 2070-2099. Tmin is also expected
to increase significantly by 0.31-2.52% (0.52 °C) under RCP4.5 and between 5.64-8.22% (1.38-2.02 °C) under
RCP8.5 during the periods 2070-2099 as expected in response to greenhouse gasses forcing which is consistent
with other parts of the world [64-67].

Based on the projected values of simulated climatic variables over the study area, the projected increase of
this climate variable confirms the report of IPCC, [1]_as well as [37,68-70]_in this region. These increase will
further aggravate the vulnerability of the water quality, water resources, agricultural land, fisheries and livestock
in the Niger Delta coastal zone to climate change. The region might experience more extreme floods which might
threaten the livelihood and socio-economic growth of the region which might also have a significant impact on
Nigeria's GDP as the primary sources of the country’s revenue is the oil and gas from the study area.

5. Conclusions

A suitable set of GCM ensemble for simulating the Spatio-temporal changes in both prcp, Tmin+ { Formatted: Justified, Indent: First line: 0.74 cm, Space
and Tmax were selected based on their performances in simulating the observed CRU datasets using After: 0 pt

the symmetrical uncertainty (SU) filter using 26 GCM outputs, under RCP4.5 and RCP8.5 emission
scenarios. The study identified four GCMs, namely ACCESS1.3, MIROC-ESM, MIROC-ESM-CHM,

and NorESM1-M as the most suitable set of GCMs for simulating both prcp, Tmax and Tmin over the
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41 Niger Delta. Though several studies have been conducted to assess future changes in prcp, Tmax and
42 Tmin at global scales, only limited studies conducted in West Africa and Nigeria. This study
43 therefore, the first attempt to employ a selection of a suitable set of daily GCMs to simulate both prcp,
44 Tmin and Tmax together for the spatiotemporal projection changes in the Niger Delta.

45 The findings of this study predicted an increase in both Tmin, Tmax and prcp for both periods+—— { Formatted: Justified, Indent: First line: 0.74 cm, Space
46  and RCPs. The predicted increase in future pcp and temperature is useful to inform all the Before: 0 pt, After: 0 pt

47 stakeholders of the need to regulate anthropogenic activities such as gas flaring, illegal refining of

48 crude oil and other petrochemical products which release more CO; and other greenhouse gases into [ Formatted: Subscript

49 the atmosphere in this region. This study will be useful in sustainable environmental management in
50 the extreme weather driven by emerging climate change in the coastal zones of the Niger Delta,

51  Nigeria.
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