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ABSTRACT

This study investigates future changes in precipitation over the CRB (Columbia River Basin) in both wet

(DJF) and dry (JJA) seasons under RCP85 GHG emission scenario. The simulations from four climate

models which participated in CMIP5 (Coupled Model Intercomparison Project Phase-5) were downscaled

using the BCSD (Bias Correction and Spatial Disaggregation) method. After downscaling, extreme

value analysis and MME (Multi Model Ensemble) averaging is performed. This study focuses on computing

2, 5, 10 and 25 years return levels for both winter (DJF) and summer (JJA) seasons. The maximum

winter precipitation values for 2, 5, 10 and 25 years return periods have been estimated to be about 112,

127, 148 and 171 mm/day respectively whereas the maximum summer precipitation values for 2, 5, 10

and 25 years return periods are observed to be about 56, 81, 96 and 126 mm/day respectively. The MME

average outperformed the individual models in simulating the historical precipitation in both seasons.

The MME results showed a consistent and significant increase in the extreme precipitation and decrease

in mean precipitation in both future wet and dry seasons. Largest increase in precipitation occurs over

the higher elevations of the Cascades Range, Coast Range and the Mountainous Range.
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1. INTRODUCTION

century [2]. The studies project possible declines in the

mean precipitation and increase in the extreme precipitation

in this region in the future [2-4].

Despite the high level of development and management,

the Columbia River is vulnerable to climate change [5].

Climate change and variability affects the total runoff

due to changes in the spatial and temporal patterns of

precipitation which may eventually increase water

It is widely accepted that the warming due to climate

change intensifies the water cycle and increases

the frequency of extreme wet and dry events

[1]. Extreme precipitation changes are one of the major

climate change concerns as they can seriously affect the

human lives, agriculture, livestock and socio-economics.

In the United States, historical records demonstrate that

the intensity and frequency of extreme precipitation

events have increased in the second half of the twentieth



Mehran University Research Journal of Engineering & Technology, Volume 36, No. 2, April, 2017 [p-ISSN: 0254-7821, e-ISSN: 2413-7219]
386

Assessing the Impacts of Climate Change on Future Precipitation Trends Based on Downscaled CMIP5 Simulations Data

demands between various competing water sectors.

Dominguez et. al. [2] examined the impact of climate

change on winter precipitation extremes in the western

United States using RCM (Regional Climate Models)

wherein they found a consistent and significant increase

in the intensity of future extreme winter precipitation

and heterogeneous patterns in mean winter

precipitation.

GCMs (General Circulation Models) are the primary tools

to analyze possible future impacts of climate change.

However, because of having the coarse resolution, GCMs

can’t represent climate variables at local or regional scales

and therefore, downscaling is needed. For this research,

GCM simulations data were obtained from the CMIP5

archive. CMIP5 is the most updated climate data archive

and contains huge data to conduct research on climate

change impact [6] and is issued in the IPCC

(Intergovernmental Panel on Climate Change) AR5 (Fifth

Assessment Report). In CMIP5 data archive, new type of

greenhouse gas emission scenarios have been introduced

i.e. RCPs (Representative Concentration Pathways).

Although being updated and improved in spatial

resolution, CMIP5 simulations contain considerable biases

and uncertainties which are mainly due the model

initialization, observation errors, and inappropriate data

assimilation procedures techniques [7].This study

evaluates precipitation changes over the CRB for both

wet (DJF) and dry (JJA) seasons by using the MME

average for the future period of 2041-2070 under RCP85

GHG (Greenhouse Gases) scenario. Relying on one model

may lead to several uncertainties. Therefore, a MME

averages are getting more popular in climate modeling

community because MME reduces the uncertainty to a

larger degree.

MME methods are widely used in many fields of

economics, meteorology and hydrology [8-10]. The

performance of the earlier MME techniques is not

satisfactory because the weights obtained by these

methods were not based on performance of the model

[10]. Hoeting et. al. [11] have developed an MME approach

called as BMA (Bayesian Model Averaging) which

computes weights based on the performances of model.

The BMA is an efficient method which determines both

the within-model variance and between-model variance.

This method has been applied in various fields including

statistics, hydrology, groundwater modeling, meteorology,

medicine and management science [10,12-14]. This

research could be helpful for planning and sustainable

water resources management under the likely impact of

climate change in this basin.

Relating to the above discussion, the current paper will

explore following research questions:

(i) What are the climate change impacts on future

precipitation trends in CRB using updated

climate models data?

(ii) Does MME averages (BMA) perform better than

individual models in assessing climate change

impacts?

2. MATERIALS AND METHOD

2.1 Study Area

The Columbia River, having a length of 1243 miles,

originates from the Columbia Lake in the Canada and

finally drains into Pacific Ocean. It has a length of 1243

miles and is spread into British Columbia, a Province of

Canada and seven states of the US [15]. Because of

favorable location, the CRB receives a large amount of

precipitation and carries an average annual water of 200

million acre-feet [17]. The CRB receives major part of the

precipitation in the winter season which contributes to

the peak runoff in the late spring and early summer. It

irrigates about 1.4 million hectares [18] (Fig. 1).
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2.2 Methodology

The study analyzes change in precipitation patterns for

the CRB for the future period of 30 years (2041-2070) based

on the historical data for the period 30 years (1970-1999)

using BMA MME. MME of four models means

combination of four models with one member of each

model. The methodology includes data collection, bias

correction and downscaling, extreme value analysis and

MME.

2.2.1 Datasets

GCM simulations data of four models has been collected

from the CMIP5 archive. The CMIP5 is the most updated

climate data archive and contains a huge number of data

to conduct the research on climate change impact analysis.

In CMIP5 data archive, new types of GHG emission

scenarios have been introduced named as RCPs which

are more comprehensive compared to previous GHG

scenarios known as SRES (Special Report on Emission

Scenarios). According to Taylor et. al. [6], the main

objective behind the selection of this name is to provide

time-dependent projections of GHG concentrations at the

end of the 21st century. In this study, four GCM

simulations have been used to predict precipitation

patterns for the future period of 30 years i.e. 2041-2070

under the GHG scenario of RCP 85. The observed gridded

precipitation data for this study has been taken from

University of Washington’s website which has resolution

of 1/16o [19] (Table 1).

2.2.2 Downscaling

GCMs (Global Climate Models) are the primary tools to

assess the likely impacts of climate Change. Predicting or

forecasting the likely impact of climate change on

FIG. 1. STUDY REA: COLUMBIA RIVER BASIN [16]
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precipitation patterns is quite a challenging job because

they have very coarse resolution ranging from 125-300

km which makes them unable to predict the likely impact

of climate change effects on regional or local scales

accurately. Despite some improvements in spatial

resolution and other advances in climate models, CMIP5

models contain considerable bias. Therefore, downscaling

is required to bias correct and downscale the models.

Downscaling can be defined as the process of relocating

the coarse resolution climate model data to the fine spatial

scale data to do local analyses of climate effects [20].

There are two approaches for downscaling climate models

known as dynamical and statistical downscaling. The

dynamical downscaling methods involve nesting of

RCMs with GCMs to produce downscaled high resolution

outputs and statistical downscaling methods requires

developing robust statistical relationships between the

coarse-resolution climate model and fine-resolution local

climate variables. Statistical downscaling methods are

widely used because of being computationally efficient,

cheaper, and applicable for multiple GCMs [20-21]. The

statistical downscaling methods are classified as

regression models, weather typing schemes and weather

generators. The regression models involve development

of the transfer functions between GCM simulated and

observed data. This study implemented BCSD (Bias

Correction and Spatial Disaggregation) method to

downscale the climate models which is described below:

BCSD Downscaling: This study adopts the BCSD method

[22-23] to downscale the climate simulation. The future

time period of 30 years i.e. 2041-2070 has been selected

because it is close enough to be of interest to stakeholders

and far enough to extend beyond decades where natural

variability likely dominates over climate change. The RCP

8.5 scenario has been adopted in this study which is

projected to be stabilized at 8.5 W/m2 at the end of 21st

century. The quantile mapping in BCSD method involves

categorizing of the GCM simulated data and observed

data in CDFs (Cumulative Distribution Functions). Then,

the transfer factors are developed between simulated and

observed data at each grid. This serves as mapping of

the GCM simulations data over the observed data at each

grid. These transfer factors are then applied to the future

simulated data to bias correct and downscale the data at

each grid. In this downscaling method, multiplicative

perturbations are adopted for precipitation. At the end,

the resolution of the downscaled data will be similar to

that of observed data i.e. 1/16o.

2.2.2 Extreme Value Analysis

The detection of possible future changes in extreme

events due to climate change has now become essential

part of water resources planning and management. It helps

evaluate the historical data and predict the future

probabilities of extreme events. The GEV (Generalized

Extreme Value) distribution [24] is one of the most widely

used distributions in extreme value analysis. Many studies

show that the GEV distribution is capable of simulating

historical extreme events and predicting future extreme

events [25-27]. Many renowned researchers have used

GEV distribution to analyze extreme precipitation and

temperature [4,28-31].

TABLE 1. CMIP5 MODELS AND THEIR RESOLUTIONS

.oN emaNMCG/ledoM seergeDni)taLxgnoL(noituloseR

.1 )rotalumiSmetsyS-htraEdnaetamilCytinummoCnailartsuA(0.1SSECCA 52.1x578.1

.2 )ledoMmetsySetamilC-retneCetamilCgnijieB(1.1MSC-CCB 8.2x8.2

.3 )ledoMmetsySetamilCytinummoC(4MSCC 52.1x49.0

.4 )ledoMmetsyShtraEnoitarenegdn2naidanaC(2MSEnaC 8.2x8.2
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In this research, GEV distribution comprised of three

extreme value distributions named Gumbel, Frechet,

Weibull distributions has been used to evaluate extreme

precipitation. The GEV distribution has been fitted for

each season separately, and then return period of extreme

events have been estimated.

The CDF of the GEV distribution is as follows:

     0ξ when 
δ

μxexpξδ,μ,x,F 

    0ξ when 
δ

μx1expξδ,μ,x,F
1












 



Where μ is the location parameter, ξ is the shape

parameter and δ is the scale parameter. According to

Katz et. al. [27], shape parameter can be used to describe

the tail behavior of the distribution. If ξ = 0, GEV is called

Type-I or Gumbel distribution. If ξ > 0, GEV distribution

is called Type-II or Frechet distribution. If ξ < 0, GEV

distribution is termed Type-III or Weibull distribution.

Some studies have proved that at least 25 annual

maximum values are required for the GEV distribution

for best performance [25-26].

2.2.3 Multi-Modeling Ensemble

Usually, hydrologists rely on single model whereas it

may lead to unreliable and uncertain hydrologic

forecasts because models may contain bias and

structural errors [32-34]. In this research, BMA technique

is used for MME technique. The research has shown

that the BMA technique produces more reliable and

realistic predictions because it involves both between-

model variance and in-model variance [10,34]. The

obtained weights are weighted averages of the

individual models, and its sum is equal to 1 because

they are probabilistic likelihoods of a model.

If a variable y is to be forecasted, then according to the

law of total probability the PDF (Probability Distribution

Function) of the variable y can be expressed as:

Where p(y/m
i
.O) is the posterior distribution of y based

on model prediction (m
i
) at each grid (i) and the

observation data (O). p(m
i
|O) is the posterior probability

of model prediction (m
i
).

In this procedure, the conditional probability distribution

p(y/m
i
.O) should be considered to be Gaussian, and if it is

not Gaussian distribution, Box-Cox transformation should

be used to transform both modeled and observed data

close to the Gaussian distribution before implementing

the BMA technique. The obtained weights show the

performance of each model; the higher weights show the

better performance of the model. More detail about BMA

is given in [10].

3. RESULTS

This study focuses on computing 2, 5, 10 and 25 years

return levels for both winter (DJF) and summer (JJA)

seasons. The maximum values for 2, 5, 10 and 25 years

return periods among all four models are found to be

about 84, 108, 123 and 156 mm/day, respectively. The

models consistently show increase in winter extreme

precipitation over the higher elevations of the Cascade

Range, Coast Range and Mountainous Range. On the

other hand, the four models showed heterogeneous

spatial pattern of the future changes in the extreme

precipitation for the summer season. The CCSM4 model

showed an increase only over the Rocky Mountains in

the Idaho State and decline in the extreme precipitation

over the other domain of CRB for the summer season.
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The ACCESS1.0 model showed an increase over the

Canadian portion of the basin and Rocky Mountains

Ranges and decline in the extreme precipitation over the

other domain of CRB. The CanESM2 and BCC-CSM1.1

models showed an increase in the extreme precipitation

in the summer season over the whole basin. Figs. 2-3

shows winter and summer return levels for 2 and 25 year

return periods respectively.

4. MULTI-MODELING ENSEMBLE
RESULTS

The main focus of this study was to estimate the changes

in precipitation patterns for both winter and summer season

for the future period of 30 years i.e. 2041-2070 by using the

BMA MME technique over the domain of the Columbia

River Basin. BMA estimates weights of individual models

based on their probabilistic likelihood measures so sum of

FIG. 2. 2-YEAR AND 25-YEAR RETURN LEVELS FOR WINTER SEASON

FIG. 3. 2-YEAR AND 25-YEAR RETURN LEVELS FOR SUMMER SEASON
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all weights will be equal to 1. The models which perform

better will get higher weights than the models performing

worse. Fig. 4 indicates the weights of four models which

shows that the CCSM4 model performed better than all

other three models. It can be observed from Fig. 5 that

MME historical values are nearly similar to the observed

values which shows that the MME averages outperformed

compared to the individual performance of climate models

for historical period. Moreover, The maximum winter

precipitation values for 2, 5, 10 and 25 years return periods

are found to be about 112, 127, 148 and 171 mm/day,

respectively whereas the maximum summer precipitation

values for 2, 5, 10 and 25 years return periods are observed

to be about 56, 81, 96 and 126 mm/day, respectively which

can be seen in Fig. 6. Moreover, from Fig. 4, it can be

observed that the increasing trend was observed in extreme

precipitation for the both winter and summer seasons in

whole basin with maximum increase over the higher

elevations of the Cascades Range, Coast Range and the

Mountainous Range. Whereas, the MME average results

showed decrease in mean precipitation for both seasons.

The mean precipitation was projected to be decreased by

2.47% decrease in the winter season and 8.7% decrease in

summer season for future period. It showed that the mean

precipitation was projected to decrease more in summer

season.

FIG. 4. WEIGHTS OF FOUR MODELS OBTAINED FROM BMA TECHNIQUE

FIG. 5. MME MEAN PRECIPITATION FOR WINTER (LEFT) AND SUMMER SEASON (RIGHT) FOR CRB
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5. CONCLUSION

The results showed a consistent and significant increase

in the extreme precipitation and decrease in mean

precipitation in both future wet and dry seasons which

supports the previous research discussed in the

introduction part of this article. Largest increase in

precipitation occurs over the higher elevations of the

Cascades Range, Coast Range and the Mountainous

Range. The results also indicate that we cannot rely on

FIG. 6. MME RESULTS FOR 2 AND 25 YEARS RETURN PERIODS FOR WINTER AND SUMMER SEASONS

one model because each model produces different results.

BMA method is proved to be an efficient method to

quantify the model structure uncertainties and perform

MME. This method is successfully applied in present

study to quantify models’ uncertainty in terms of weights.

Water managers, experts and policy makers are interested

to quantify models’ behavior and uncertainty in climate

change impact analysis and this study will help them

achieve this goal. In this study, only four models were

studied due to having limited computational resources
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because BMA model simulations on four models take 2-3

days to run so it will take more time to produce results

when more GCMs are added. However, to get more precise

and accurate results, it is suggested to add more GCM

models in future studies. In addition, calibration and

validation of historical data is very critical in any model

application. In this study, calibration has been performed

by using entire historical data of 30 years but validation

has not performed. Therefore, it is also suggested that in

future studies, calibration and validation may be

performed to get better results. For example, taking the 30

year data set 60-70% of the data could be chosen for

calibration and fit the BMA and find the weights

corresponding to each model then apply those weights

to the model in the validation period and compare the

results with the observations. 
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