Vol.14, No.1, Spring 2025, pp.1-21

Research Article

ISSN (Print):2322-1682

DOI: 10.22067/geoeh.2024.86195.1450

Forecasting Precipitation and Temperature in the Qareh-Sou

Watershed: Emphasizing Model Uncertainties

Golale Ghaffari?*, Ali Salajegh®

*Assistant Professor of Soil Conservation and Watershed Management, Research and Education
Center for Agriculture and Natural Resources of Kermanshah Province, Kermanshah, Iran
® Professor of Faculty of Natural Resources, University of Tehran, Tehran, Iran

ARTICLE INFO

ABSTRACT

Avrticle History

Received: 03 January 2024
Received in revised form
20 June 2024

Accepted: 09 October 2024
Available online:

21 March 2025

KEYWORDS:

Climate Model
Ensembles,
Uncertainty
Quantification,
Rcp4.5 Scenario,
Downscaling
Uncertainty, Multi-
Model Ensembles
(MMES), Nash-
Sutcliffe
Efficiency (NSE)

As part of the discussion on climate change, one of the most significant sources of
uncertainty is the use of different Atmosphere-Ocean General Circulation Models
(AOGCMs), which produce varying outputs for climatic variables. The general
consensus is that employing multiple AOGCM models or ensemble methods
(Ensemble Projection, EP) for weather forecasting—to account for uncertainty—
is a strategy to mitigate the uncertainties associated with AOGCMs. These
uncertainties arise from structural differences between global climate models and
variations in initial conditions.

For this study, synoptic station data from the Kermanshah Meteorological
Organization (spanning January 1, 1993, to December 31, 2016) and downscaled
data from 21 AOGCM models (obtained from NASA’s NEX-GDDP dataset) were
analyzed. The goal was to assess AOGCM model uncertainty for the past period
(1976-2005) and the future period (2020-2049) under the RCP4.5 scenario, as
well as to reduce uncertainty using ensemble methods.

The results of the model comparison revealed that the MRI-CGCM3, MPI-ESM-
LR, BNU-ESM, ACCESS1-0, MIROC-ESM, MIROC-ESM-CHEM, and MPI-
ESM-MR models performed better in simulations. As expected, the models with
the lowest errors received the highest weights, indicating that they were the most
reliable for simulating precipitation, maximum temperature, and minimum
temperature in the past period. These models can thus be considered the most
suitable for future predictions, with the least uncertainty in temperature and
precipitation simulations.

An examination of statistical coefficients from different ensemble methods
showed that the Modified Ensemble Projection (MEP) method provided the best
estimation, with a coefficient of determination (R2) of 0.95 and an efficiency
coefficient (ME) of 0.92, compared to baseline data from the Kermanshah
synoptic station. Consequently, this method was identified as the optimal
ensemble approach for AOGCM models.
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Extended Abstract

Introduction

Climate change, driven by global warming, poses an existential threat to both natural and human

systems, necessitating accurate and reliable projections of future climate variations. While
extensive research has examined the impacts of climate change on various subsystems and
proposed adaptation and mitigation strategies, many studies have overlooked the inherent
uncertainties in climate modeling. Limiting analyses to selected scenarios from Atmosphere-
Ocean General Circulation Models (AOGCMs) and neglecting uncertainty analysis reduces the
credibility and certainty of the final results. Indeed, uncertainties arising from structural and
parametric diversity in models, downscaling processes, and impact assessment models require
rigorous investigation and quantification.

A comprehensive assessment of climate change impacts requires the identification and analysis
of three primary categories of uncertainty:

1.Uncertainties associated with the structure and parameters of AOGCMs;

2.Uncertainties arising from statistical and dynamical downscaling methods at regional
scales; and

3.Parametric and structural uncertainties in impact assessment models.

AOGCMs, due to their diversity in structure and parameters, produce varying outputs for climatic
variables, representing a significant source of uncertainty in climate projections. Incorporating
uncertainties into climate change impact assessments leads to various plausible future scenarios
that can inform decision-making and adaptation planning. Given computational and data
limitations, a comprehensive examination of all uncertainty sources in every study is infeasible.
However, studies have shown that certain uncertainties, such as those related to downscaling
methods, significantly impact the final results and must be considered in assessing climate change
impacts on river flows. Employing multi-model ensemble approaches and ensemble prediction
methods to quantify and reduce uncertainties arising from AOGCMs is an effective strategy
adopted in this research.

Material and Method

The Qarasu watershed, located in western Iran within Kermanshah province, served as the focal
point of this study. Observational data spanning 1976-2005 were obtained from the Kermanshah
synoptic station, courtesy of the Iran Meteorological Organization. Complementing this,
downscaled data from 21 Global Circulation Models (GCMs) were acquired from the NASA
Earth Exchange Global Daily Downscaled Projections (NEX-GDDP) dataset. This dataset
encompassed both the historical (1976-2005) and future (2020-2049) periods under the
Representative Concentration Pathway 4.5 (RCP4.5) scenario, selected for its intermediate
climate change trajectory.

Following meticulous data validation and preprocessing, the uncertainty inherent in the GCMs
was rigorously assessed. To evaluate GCM performance, the coefficient of determination (R2)
and Nash-Sutcliffe Efficiency (NSE) were computed, facilitating a comparative analysis between
simulated temperature and precipitation under RCP4.5 and observed values from the Kermanshah
synoptic station.

To address and mitigate uncertainties in climate projections, this research employed a suite of
ensemble methods, including ensemble prediction (EP), multi-model ensembles (MEP), and
weighted multi-model ensembles (MEPWi), rather than relying solely on individual model
outputs. The fundamental premise underpinning these methods is that models demonstrating
superior skill in replicating historical climate patterns are anticipated to maintain their relative
accuracy in future projections, thereby identifying them as optimal candidates. Consequently, the
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weight assigned to each model within the ensemble is directly proportional to its historical
performance. Finally, the accuracy of the model simulations relative to observational data was
evaluated using Rz and NSE.

Results and Discussion
The findings indicated that MRI-CGCM3, MPI-ESM-LR, BNU-ESM, ACCESS1-0, MIROC-
ESM, MIROC-ESM-CHEM, and MPI-ESM-MR exhibited robust performance in simulating
monthly precipitation patterns. Concurrently, ACCESS1-0, CNRM-CM5, MIROC-ESM,
MIROC-ESM-CHEM, MPI-ESM-LR, MPI-ESM-MR, MRI-CGCM3, and BNU-ESM
demonstrated heightened accuracy in replicating temperature regimes. Notably, MRI-CGCM3,
MPI-ESM-MR, and MIROC-ESM-CHEM were assigned the highest weights and exhibited the
lowest uncertainty in their simulations of monthly precipitation, maximum temperature, and
minimum temperature, signifying their superior fidelity and minimal deviation.
Analysis of statistical metrics from the ensemble methods revealed that the multi-model ensemble
prediction (MEP) approach, characterized by an R2 of 0.95 and NSE of 0.92, provided the most
congruent estimates compared to baseline data from the Kermanshah synoptic station.
Consequently, the MEP method was adjudicated as the optimal ensemble prediction paradigm
for GCMs in this study.
Scrutiny of mean monthly and annual fluctuations under the MEP framework projected that:
e Monthly and annual precipitation are anticipated to change by 1.9% and 22.7%,
respectively, in the future period.
o Mean monthly and annual temperature increments are projected to be 1.89°C and 1.88°C,
respectively.

Conclusions

This study examined and compared various climate modeling methodologies to mitigate
uncertainty in climate projections. Our findings reveal that no single climate model accurately
predicts all climatic parameters within a given region. Optimal projections for temperature and
precipitation necessitate the utilization of multiple models, underscoring the importance of multi-
model ensemble techniques. We evaluated three ensemble methods: Model Ensemble with
Weighting (MEPWi), Model Ensemble Projection (MEP), and Ensemble Prediction (EP).

The results indicated that projected values from these methods were relatively consistent, with
minimal discernible differences. However, the MEP method yielded the most precise estimates
for temperature and precipitation, establishing it as the superior technique for reducing
uncertainty in climate projections. This research emphasizes that leveraging diverse climate
models significantly enhances projection accuracy and reduces uncertainties. Relying solely on a
single GCM is insufficient for formulating robust strategies to mitigate climate change impacts.
Our results align with prior research demonstrating the efficacy of multi-model ensembles in
improving predictive accuracy.

In summary, this study demonstrates that applying climate model ensemble techniques,
particularly the MEP method, substantially improves the reliability of climate projections. This
enhanced precision is crucial for enabling policymakers and planners to make informed decisions
aimed at mitigating climate change impacts. Future studies could explore the performance of
these ensemble methods under different climate scenarios and in other regions.
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GFDL-CM3 GFDL (USA)
GFDL-ESM2G GFDL (USA)
GFDL-ESM2M GFDL (USA)
INM-CM4 INM (Russia)
IPSL-CM5-LR IPSL (France)
IPSL-CM5-MR IPSL (France)
MIROC5 AORI-NIES (Japan)
MIROC-ESM AORI-NIES (Japan)
MIROC-ESM-CHEM AORI-NIES (Japan)
MPI-ESM-LR MPI-M (Germany)
MPI-ESM-MR MPI-M (Germany)
MRI-CGCM3 MRI (Japan)
NorESM1-M NCC (Norway)
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Table-2 Validation results of General Circulation Models and the coefficient of
determination (R?) and model efficiency (ME)
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Fig.2. Results of weighting each model in modeling precipitation and temperature in the
baseline period (1976-2005)
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Fig.3. Results of different ensemble methods: the Equal-Weight Ensemble (EP), the
Weighted Ensemble (MEPWi), and the Partial Model Ensemble (MEP) for estimating
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precipitation, maximum temperature, minimum temperature, and average monthly
temperature in the baseline period (1976-2005)

Table-3 Results for the coefficient of determination (R2) and model efficiency (ME) using
various ensemble methods
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Fig.4. Taylor diagram comparing different ensemble methods in the baseline period with
synoptic station data
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Fig.5. Results of ensemble methods (EP), weighted ensemble (MEPWi), and partial model
ensemble (MEP) for estimating precipitation, maximum temperature, minimum
temperature, and average monthly temperature in the future period (2020-2049)
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Fig.6. Box plot of average monthly precipitation and temperature using different ensemble
methods
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Table-4 Average monthly and annual changes in temperature and precipitation
parameters in the partial model ensemble (MEP)
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