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ABSTRACT 

 

Climate change has been considered as one of the most important problems around 

the world since it always causes severe, extensive and irreversible consequences. It is thus 

desired to generate reliable high-resolution climate projections for supporting impact 

assessments under changing climate conditions.  

In this study, a multi-level factorial design has been proposed to conduct the 

sensitivity analysis of RegCM4 physical scheme combinations. In detail, the major 

contributing factors for four climatic variables are selected based on the predetermined 

contribution level; then the F-test has been applied to evaluate the statistical significance 

of each individual physical scheme or the interaction among multiple physical schemes.  

The proposed design has been applied to Canada to illustrate its effectiveness. The 

results indicate that there exist considerable spatial and temporal simulated differences 

when choosing varied physical scheme combinations. Although the single physical 

schemes have dominant influences on simulated differences, the effects explained by their 

interactions can not be neglected. Moreover, the PBL scheme, moisture scheme and land 

surface model are found to be the dominant factors of temperature, precipitation and wind 

speed simulations, respectively. Furthermore, the vegetation cover conditions may affect 

the cumulus convective activities to some extent, accounting for the spatial and temporal 

statistical significance variations of cumulus convective scheme. The obtained results 

could help screen out the most sensitive physical schemes or interactions considering 

specific region and season. On this basis, the computational costs of follow-up long-term 

simulations are considered affordable, which further assist in selecting the optimized 
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physical scheme combination and then generating reliable high-resolution climate 

projections over Canada. 

 

Keywords: RegCM4, physical schemes, factorial design, sensitivity analysis, Canada 

  



iii 

 

ACKNOWLEDGMENTS 

 

I would like to express my sincere gratitude to my supervisor, Dr. Gordon Huang, for 

his insightful guidance and continued support during my master study. My sincere 

appreciation also goes to his wife, Mrs. Chunling Ke for her meticulous help. 

I sincerely acknowledge the Faculty of Graduate Studies and Research at University 

of Regina for providing me with the research scholarships and the teaching assistantships. 

My appreciation extends to all members of Institute of Energy, Environment and 

Sustainability Communities for their help, support and friendship. They are Dr. Xiuquan 

Wang, Dr. Chunjiang An, Dr. Yurui Fan, Dr. Guanhui Cheng, Dr. Yang Zhou, Dr. Shuo 

Wang, Dr. Zhong Li, Dr. Jinxin Zhu, Mr. Renfei Liao, Mr. Xiong Zhou, Ms. Yuanyuan 

Zhai, Ms. Chen Lu, Mr. Yinghui Wu, Ms. Jiapei Chen, Ms. Lirong Liu, Ms. Xiaoyue 

Zhang, Mr. Kailong Li, Mr. Jiannan Zhang, Mr. Yao Yao, Ms. Xiujuan Chen, Ms. Xiaying 

Xin, Mr. Peng Zhang, Mr. Jian Shen, Ms. Jianan Yin, Ms. Yunqiu Liu, and many others. 

  



iv 

 

DEDICATION 

 

 

This dissertation is dedicated to 

 

 

My father, Ming Song 

My mother, Shuping Tang 

 

 

for 

 

 

Their unconditional love, support, and encouragement all the way! 

 

  



v 

 

TABLE OF CONTENTS 

 

 

ABSTRACT ....................................................................................................................... i 

ACKNOWLEDGMENTS .............................................................................................. iii 

DEDICATION ................................................................................................................. iv 

TABLE OF CONTENTS ................................................................................................. v 

LIST OF TABLES ......................................................................................................... vii 

LIST OF FIGURES ...................................................................................................... viii 

LIST OF ABBREVIATIONS ........................................................................................ xi 

CHAPTER 1 INTRODUCTION .................................................................................... 1 

1.1 Background .............................................................................................................. 1 

1.2 Downscaling techniques ........................................................................................... 2 

1.2.1 Statistical downscaling techniques .................................................................... 2 

1.2.2 Dynamical downscaling techniques .................................................................. 3 

1.3 Physical schemes of RegCM4 .................................................................................. 4 

1.4 Sensitivity analysis of physical schemes coupled in regional climate models ......... 7 

1.5 Research objectives .................................................................................................. 8 

1.6 Organization ............................................................................................................. 9 

CHAPTER 2 FACTORIAL SENSITIVITY ANALYSIS OF REGCM4 PHYSICAL 

SCHEME COMBINATIONS ....................................................................................... 10 

2.1 Multi-level factorial design .................................................................................... 12 

2.2. Model setup and data description .......................................................................... 22 



vi 

 

CHAPTER 3 RESULTS ANALYSIS ........................................................................... 25 

3.1 Contributions .......................................................................................................... 29 

3.2. Spatial distributions of Statistical significance for major contributing factors ..... 41 

3.2.1 Annual mean temperature ................................................................................ 45 

3.2.2 Annual precipitation ........................................................................................ 46 

3.2.3 Annual wind speed and wind direction ........................................................... 49 

3.3 Seasonal variations of statistical significance for major contributing factors ........ 58 

3.3.1 Seasonal mean temperature ............................................................................. 61 

3.3.2 Seasonal precipitation ...................................................................................... 68 

3.3.3 Seasonal wind speed and wind direction ......................................................... 73 

CHAPTER 4 CONCLUSIONS ..................................................................................... 82 

4.1 Summary ................................................................................................................ 82 

4.2 Research achievements ........................................................................................... 84 

4.3 Recommendations for future research .................................................................... 85 

REFERENCES ............................................................................................................... 87 

 

 

 

  



vii 

 

LIST OF TABLES 

 

Table 2.1 The list of available choices for five physical schemes. ................................. 11 

Table 2.2 Multi-level factorial design. ............................................................................ 13 

Table 3.1 Sum of squares and contributions (%) of single physical scheme and interactions 

among different physical schemes for one grid cell (44.91°N, 96.69 °W). ..................... 30 

Table 3.2 Statistical information of dominant factor. ..................................................... 34 

Table 3.3 Selection results for annual factorial analysis. ................................................ 40 

Table 3.4 ANOVA information for one grid cell located at 44.91 °N, 96.69 °W. .......... 42 

Table 3.5 Selection results for seasonal analysis. ........................................................... 62 

 

 

  



viii 

 

LIST OF FIGURES 

 

Figure 2.1 Model domain. ............................................................................................... 24 

Figure3.1 Frequency distributions of simulated differences for (a) annual mean 

temperature, (b) annual precipitation, (c) annual wind speed and (d) annual wind direction.

 .......................................................................................................................................... 26 

Figure 3.2 Spatial distributions of simulated differences for (a) annual mean temperature 

(b) annual precipitation (c) annual wind speed and (d) annual wind direction. ............... 27 

Figure 3.3 Spatial distributions of dominant factor. ....................................................... 32 

Figure 3.4 The histograms of contributions explained by single physical schemes and their 

interactions: (a) annual mean temperature, (b) annual precipitation, (c) annual wind speed 

and (d) annual wind direction. ......................................................................................... 38 

Figure 3.5 Canadian forest ecosystem classification. ..................................................... 44 

Figure 3.6 Spatial distributions of statistical significance (p value) for (a) land surface 

model, (b) PBL scheme, (c) ccean flux scheme, (d) cumulus convection scheme and (e) 

interaction between PBL and ocean flux schemes in simulating annual mean temperature.

 .......................................................................................................................................... 47 

Figure 3.7 Mean statistical significance (p value) of (a) land surface model, (b) cumulus 

convection scheme and (c) interaction between PBL and ocean flux schemes for 

simulating annual mean temperature over selected subregions. ...................................... 48 

Figure 3.8 Spatial distributions of statistical significance (p value) for (a) land surface 

model, (b) moisture scheme, (c) cumulus convection scheme, and (d) interaction between 

moisture and cumulus convection schemes in simulating annual precipitation. ............. 50 



ix 

 

Figure 3.9 Mean statistical significance (p value) of (a) land surface model, (b) cumulus 

convection scheme and (c) interaction between moisture and cumulus convection schemes 

for simulating annual precipitation over selected subregions. ......................................... 51 

Figure 3.10 Spatial distributions of statistical significance (p value) for (a) land surface 

model, (b) PBL scheme, (c) moisture scheme, and (d) cumulus convection scheme in 

simulating annual wind speed. ......................................................................................... 53 

Figure 3.11 Mean statistical significance (p value) of (a) PBL scheme, (b) moisture 

scheme and (c) cumulus convection scheme for simulating annual wind speed over 

selected subregions. ......................................................................................................... 54 

Figure 3.12 Spatial distributions of statistical significance (p value) for (a) land surface 

model, (b) PBL scheme, (c) cumulus convection scheme, and (d) interaction among 

moisture, ocean flux and cumulus convection schemes in simulating annual wind direction.

 .......................................................................................................................................... 55 

Figure 3.13 Mean statistical significance (p value) of (a) land surface model, (b) PBL 

scheme and (c) cumulus convection scheme for simulating annual wind direction over 

selected subregions. ......................................................................................................... 56 

Figure 3.14 Boxplots for annual and seasonal simulated differences: (a) mean temperature, 

(b) precipitation, (c) wind speed and (d) wind direction. ................................................. 59 

Figure 3.15 Spatial distributions of seasonal simulated biases (seasonal simulation 

differences – annual simulated differences). .................................................................... 60 

Figure 3.16 Spatial distributions of statistical significance (p value) for major contributing 

factors in simulating seasonal mean temperature. ........................................................... 64 



x 

 

Figure 3.17 Mean statistical significance (p value) of (a) land surface model, (b) PBL 

scheme, (c) moisture scheme, (d) ocean flux scheme, (e) cumulus convection scheme and 

(f) interaction between PBL and ocean flux schemes for simulating seasonal mean 

temperature over selected subregions. ............................................................................. 67 

Figure 3.18 Spatial distributions of statistical significance (p value) for major contributing 

factors in simulating seasonal precipitation. .................................................................... 70 

Figure 3.19 Mean statistical significance (p value) of (a) land surface model, (b) PBL 

scheme, (c) moisture scheme, (d) cumulus convection scheme and (e) interaction between 

moisture and cumulus convection schemes for simulating seasonal precipitation over 

selected subregions. ......................................................................................................... 72 

Figure 3.20 Spatial distributions of statistical significance (p value) for major contributing 

factors in simulating seasonal wind speed. ...................................................................... 75 

Figure 3.21 Mean statistical significance (p value) of (a) land surface model, (b) PBL 

scheme, (c) ocean flux scheme, and (d) cumulus convection scheme for simulating 

seasonal wind speed over selected subregions. ................................................................ 77 

Figure 3.22 Spatial distributions of statistical significance (p value) for major contributing 

factors in simulating seasonal wind direction. ................................................................. 79 

Figure 3.23 Mean statistical significance (p value) of (a) land surface model, (b) PBL 

scheme, (c) ocean flux scheme, and (d) cumulus convection scheme for simulating 

seasonal wind direction over selected subregions. ........................................................... 80 

 

 

 



xi 

 

LIST OF ABBREVIATIONS 

 

AC Arctic Cordillera 

ACM2 Asymmetric Convective Model version 2 

AFWA Air Force Weather Agency 

AM Atlantic Maritime 

ASMO Adaptive Surrogate-Modeling-based Optimization  

BATS Biosphere-atmosphere transfer scheme 

BC Boreal Cordillera 

BP Boreal Plains 

BS Boreal Shield 

CCM3 Community Climate Model version 3 

CLM Community Land Model 

ECMWF European Center for Medium-Range Weather Forecast 

FAA Federal Aviation Administration 

GCMs General Circulation Models 

GHG Greenhouse Gas 

HP Hudson Plains 

ICBC initial and boundary conditions 

ICTP International Centre for Theoretical Physics 

MC Montane Cordillera 

MP Mixedwood Plains 

MYJ Mellor–Yamada–Janjic 



xii 

 

NA Northern Arctic  

NCAR National Center for Atmospheric Research 

NCAR LSM1 National Center for Atmospheric Research land surface 

model 

NOAA National Oceanic and Atmospheric Administration 

PBL planetary boundary layer  

PM Pacific Maritime 

PR Prairies 

PRECIS Providing Regional Climates for Impacts Studies 

RCMs Regional Climate Models 

RegCM4 Regional Climate Model version 4 

SA Southern Arctic 

SST sea surface temperature  

SUBEX Sub-grid Explicit Moisture Scheme 

TC Taiga Cordillera 

TP Taiga Plains 

TS Taiga Shield 

UW PBL University of Washington turbulence closure model 

WRF Weather Research and Forecasting 

YSU Yonsei University 

 

 



1 

 

CHAPTER 1  

INTRODUCTION 

 

1.1 Background 

Climate change has been considered as one of the most important problems around 

the world since it always causes severe, extensive and irreversible consequences (IPCC 

2014). For example, most of excess heat due to global warming has been stored in oceans 

during past 50 years. It has increased the ocean temperature to some extent, which further 

causes the glacier retreat and sea level rise (Church and White 2006; Slangen et al. 2014). 

Moreover, the extreme climate events (such as floods and droughts) have increased 

significantly over past decades, leading to adverse impacts on both natural environment 

and human society (Ma et al. 2015). Particularly, both the frequency and the intensity of 

these extreme climate events grow rapidly in Canada, resulting in tremendous damage 

down to life and property (Easterling et al. 2000). 

Realizing the potential influences of climate change is urgent and essential for related 

policy making. However, due to the lack of reliable high-resolution climate projections, 

assessing climate change impacts at regional scale under multiple uncertainties is facing 

huge challenges. In order to overcome these difficulties, a number of scientists devote 

themselves to improving the spatial resolution and accuracy of climate simulations, such 

as developing statistical and dynamical downscaling techniques (Giorgi and Mearns 1999; 

Wilby et al. 2004). Moreover, a variety of sensitivity analyses have been conducted for 

screening out the optimized physical scheme combinations over the designated study area 

to further reduce the simulation errors (Davis et al. 2009; Segele et al. 2009). 
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In this chapter, following the brief introduction of research background mentioned 

above, section 1.2 will introduce the downscaling techniques in detail. The existing 

physical schemes in Regional Climate Model version 4 (RegCM4) will be described in 

section 1.3. Previous studies of sensitivity analysis used in Regional Climate Models 

(RCMs) will be reviewed in section 1.4. Then the objectives of this research and the 

structure of the dissertation will be presented in sections 1.5 and 1.6. 

 

1.2 Downscaling techniques 

Since the General Circulation Models (GCMs) can not satisfy the requirements of 

regional climate impact assessments due to their relatively coarse spatial resolution, the 

downscaling techniques are developed to generate detailed regional climate information 

with much finer spatial resolution (Wang et al. 2013). In general, there exist two kinds of 

downscaling techniques (i.e., statistical downscaling techniques and dynamical 

downscaling techniques)(Giorgi and Mearns 1999; Wilby et al. 2004). 

 

1.2.1 Statistical downscaling techniques 

Generally speaking, the statistical downscaling techniques mainly include the 

following two steps: (1) training step and (2) application step (Lanzante et al. 2018). In 

detail, the observation datasets and the outputs from physical climate models (e.g., GCMs 

and RCMs) are utilized to construct statistical relationships in historical periods. Then the 

same statistical relationships will be applied to derive higher resolution climate data on the 

bases of physical climate model outputs in future periods. 
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In past decades, a series of statistical downscaling techniques were proposed, which 

mainly consisted of: (1) direct transfer function (e.g., simple linear regression model and 

complex neural nets); (2) distributional mapping approach; (3) spatial mapping approach 

(e.g., analog methods) and (4) weather generators (Maraun et al. 2010; Pierce et al. 2014). 

More recently, Zhai et al. (2018) applied the stepwise cluster downscaling method to 

project the temperature changes in Ottawa, Canada. The foremost assumption of statistical 

downscaling techniques is the statistical relationships built for historical periods would not 

change in future periods (Dixon et al. 2016). However, this assumption is considered 

unrealistic in some occasions because of some changing influential factors (e.g., 

greenhouse gas (GHG) emissions). Compared with dynamic downscaling approaches, the 

relatively light computational burdens are the major advantages of statistical downscaling 

techniques. 

 

1.2.2 Dynamical downscaling techniques 

In general, the dynamical downscaling techniques are used to generate high-

resolution climate outputs based on physical mechanisms, which can be referred to as 

RCMs. These physical-based simulation models are driven by initial and lateral 

meteorological conditions, as well as the boundary conditions obtained from GCMs or 

reanalysis datasets. The spatial resolution of outputs derived from RCMs is generally 25 

km – 50 km, which can be further improved through the application of non-hydrostatic 

core (Giorgi et al. 2016). However, the dynamical downscaling techniques are considered 

computationally expensive, depending on the domain range, spatial resolution, and the 

length of simulation periods. In order to solve this problem, a nested two-level domain 
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setup is proposed to divide the whole study area into outer domain and inner domain. The 

spatial resolution of outer domain is relatively coarse; while the inner domain has much 

higher spatial resolution (Duan et al. 2017). This method not only considers the general 

circulation influences at regional scale, but also enables users to obtain high-resolution 

climate outputs with comparably low computational costs. 

Recently, three RCMs are extensively used in climate projections at regional scales, 

they are: (1) Regional Climate Model (RegCM), which is developed by National Center 

for Atmospheric Research (NCAR) and maintained by International Centre for Theoretical 

Physics (ICTP) (available at http://gforge.ictp.it/gf/project/regcm/); (2) Providing 

Regional Climates for Impacts Studies (PRECIS) model developed by UK Met Office 

Hadley Centre (available at https://www.metoffice.gov.uk/services/climate-

services/international/precis); and (3) Weather Research and Forecasting (WRF) model 

developed by NCAR, the National Oceanic and Atmospheric Administration (NOAA), the 

Air Force Weather Agency (AFWA), the Naval Research Laboratory, the University of 

Oklahoma, and the Federal Aviation Administration (FAA) (available at 

https://www.mmm.ucar.edu/weather-research-and-forecasting-model). 

 

1.3 Physical schemes of RegCM4 

The RegCM4 mainly consists of radiation scheme, land surface model, planetary 

boundary layer scheme (PBL), cumulus convection scheme, moisture scheme, ocean flux 

scheme. Moreover, there exist multiple choices for some of these schemes (e.g., land 

surface model and PBL scheme). In this section, the physical schemes coupled in RegCM4 

will be introduced briefly. 

http://gforge.ictp.it/gf/project/regcm/
https://www.metoffice.gov.uk/services/climate-services/international/precis
https://www.metoffice.gov.uk/services/climate-services/international/precis
https://www.mmm.ucar.edu/weather-research-and-forecasting-model
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The default radiation scheme used in RegCM4 is National Center for Atmospheric 

Research Community Climate Model version 3 (NCAR CCM3) (Kiehl et al. 1996). In 

general, the radiation scheme is used to describe the radiative effects caused by water 

vapor, carbon dioxide and oxygen on the basis of δ-Eddington approximation. 

The land surface models are developed to explain the exchanges of energy, water and 

momentum between land surface and atmosphere (Dickinson et al. 1993). The latest 

version of RegCM couples two land surface models: Biosphere-atmosphere transfer 

scheme (BATS) and Community Land Model (CLM). The BATS contains a vegetation 

layer, a snow layer and three soil layers. In order to reflect the sub-grid variability of 

topography and landcover, a mosaic-typed approach has been introduced to improve the 

BATS recently (Giorgi et al. 2003). Compared with BATS, CLM has a more detailed 

description for land surface characteristics (Collins et al. 2006). For example, the CLM 

incorporates 5 snow layers and 10 soil layers. 

PBL schemes are designed to parameterize the vertical fluxes of energy, moisture and 

momentum within the planetary boundary layer of the atmosphere (Hu et al. 2010). Two 

PBL schemes have been integrated in RegCM4, which are Holtslag PBL and University 

of Washington turbulence closure model (UW PBL) (Bretherton et al. 2004; Grenier and 

Bretherton 2001; Holtslag et al. 1990). The Holtslag PBL considers the counter gradient 

fluxes caused by large scale eddies, which leads to overestimation of vertical transfer to 

some extent. In contrast to Holtslag PBL, the UW PBL calculates the turbulence kinetic 

energy and then predicts the energy change caused by PBL processes. The UW PBL 

enables RegCM4 to simulate stratocumulus and coastal fog (O'Brien et al. 2012). 
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Cumulus convection schemes are proposed to parameterize the cumulus convective 

activities, which are highly important for climate projections in tropical and mid-latitude 

regions (Bougeault 1985). There are five available choices in RegCM4: (1) Kuo scheme 

(Anthes 1977); (2) Grell scheme (Grell 1993); (3) MIT- Emanuel scheme (Emanuel 1991; 

Emanuel and Živković-Rothman 1999); (4) Tiedtke scheme (Tiedtke 1996); and (5) Kain-

Fritsch scheme (Kain 2004).  

In contrast to the cumulus convection schemes, the moisture schemes are applied to 

deal with non-convective clouds. The Sub-grid Explicit Moisture Scheme (SUBEX) is one 

commonly used moisture scheme, which builds the relationships among the relative 

humidity of grid cells, cloud fraction and cloud water to reflect the sub-grid variabilities 

(Seth and Giorgi 1998). Recently, a new moisture scheme named multiple-phase cloud 

microphysics scheme was coupled with RegCM4. Compared with SUBEX, it could help 

conduct robust simulations for mixed-phase clouds thorough solving a series of prognostic 

equations for water vapour, cloud water, rain, cloud ice, and snow mixing ratios 

(Nogherotto et al. 2016).  

The ocean flux schemes are designed for calculating the latent heat, sensible heat and 

fluxes of momentum between near-surface atmosphere and sea surface. The standard 

Monin-Obukhov scheme doesn’t distinguish the convective and stable conditions. Based 

on the Monin-Obukhov, the Coare bulk flux scheme integrates new modules for simulating 

the ocean’s cool skin and diurnal warm layer to obtain more robust simulation results of 

surface temperature (Fairall et al. 1996). The Zeng scheme considers the additional fluxes 

caused by the variability of boundary layer through the calculation of wind components 

(Zeng et al. 1998).  
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1.4 Sensitivity analysis of physical schemes coupled in regional climate models 

In the past decades, a series of research efforts have been proposed to analyze the 

sensitivity of physical schemes coupled in regional climate models. For example, Bonan 

et al. (2002) compared the simulation results between National Center for Atmospheric 

Research land surface model (NCAR LSM1) and community land model version 2 

(CLM2), indicating that most of the simulated differences between these two models are 

attributed to the specific parametrization rather than different input datasets; Hu et al. 

(2010) evaluated the sensitivity of WRF model to three different choices of PBL scheme 

(i.e., Mellor–Yamada–Janjic (MYJ), Yonsei University (YSU), and the asymmetric 

convective model version 2 (ACM2)); Gianotti et al. (2012) assessed the simulation 

capabilities of RegCM coupled with varied cumulus convection schemes and land surface 

models over maritime continent. However, most of these studies only focused on one or 

two physical schemes individually, and the remaining physical schemes were set to be 

unchanged. Therefore, the interactions among different physical schemes were not taken 

into considerations. 

For solving the above-mentioned problem, a number of researchers started to evaluate 

several physical schemes together in recent years. For example, Crétat et al. (2012) 

evaluated the sensitivity of WRF to the choices of cumulus scheme, PBL scheme and 

microphysics scheme through 27 three-month simulations, and the results suggested that 

the precipitation amounts are most sensitive to the cumulus scheme; Mooney et al. (2013) 

investigated the sensitivity of WRF model to radiation scheme, land surface model, 

microphysics scheme and PBL scheme through 12 five-year simulations. However, few 

previous studies covered all possible scheme combinations due to the heavy computational 
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burdens. Moreover, some studies compared the short-term simulation results with the 

observation datasets directly, leading to non-negligible errors caused by initial conditions 

(Bellprat et al. 2012). 

In order to reduce the computational costs required by sensitivity analysis, some 

researchers devoted themselves to constructing the surrogate models (Duan et al. 2017). 

For example, Wang et al. (2014) developed an adaptive surrogate-modeling-based 

optimization (ASMO) approach to decrease the number of model runs by representing the 

error response surface of RCMs in a statistical way. However, the results of surrogate 

models could only provide approximate optimized solutions, whose accuracy depends on 

the surrogate modelling methods and the problem features greatly.  

 

1.5 Research objectives 

The major objective of this dissertation is to conduct a multi-level factorial sensitivity 

analysis of RegCM4 physical scheme combinations, which could (1) cover all possible 

physical scheme combinations of RegCM4; (2) consider not only the individual physical 

schemes, but also the interactions among multiple physical schemes; and (3) reflect the 

temporal and spatial variations of the sensitivity for each single physical scheme or the 

interaction. The proposed design will be applied to Canada. In detail, the contribution level 

will be introduced to screen out the major contributing factors for four climatic variables 

(i.e., temperature, precipitation, wind speed and wind direction). Then the F-test will be 

utilized to investigate the statistical significance for each major contributing factor. The 

obtained results will provide solid bases for follow-up long-term RegCM4 simulations, 
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assisting in selecting the optimized physical scheme combination and generating reliable 

high-resolution climate projections over Canada. 

 

1.6 Organization 

This dissertation includes four chapters. Following the introduction mentioned above, 

chapter 2 will introduce the multi-level factorial design in detail. The model setup and data 

descriptions will also be demonstrated. The results obtained from factorial analysis will be 

presented in chapter 3, while the conclusions will be summarized in chapter 4. 
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CHAPTER 2  

FACTORIAL SENSITIVITY ANALYSIS OF REGCM4 PHYSICAL SCHEME 

COMBINATIONS 

 

Regional Climate Model version 4 (RegCM4) is considered as an effective 

downscaling tool, which has been extensively used in historical analysis and future 

projections of climatic variables (Elguindi et al. 2014). It mainly includes the following 5 

physical schemes: land surface model, planetary boundary layer scheme (PBL), cumulus 

convection scheme, moisture scheme, and ocean flux scheme (Giorgi et al. 2016). The 

available choices for each physical scheme are listed in Table 2.1. Different physical 

schemes represent different expressions of physical processes, and no scheme that 

performs best everywhere (Duan et al. 2017). Therefore, screening out the optimized 

scheme combination for the designated study area is crucial to reduce the simulation errors.  

However, RegCM4 is a computational expensive simulation model. Moreover, long-

term simulations are always required for reducing the errors caused by initial conditions 

(Gettelman and Rood 2016). Therefore, exhaust all possible scheme combinations with 

long-term simulations for a large study area is considered difficult and time-consuming. 

In order to solve the above-mentioned problem, the selection procedure for optimized 

scheme combination can be divided into two steps: (1) apply multi-level factorial design 

in sensitivity analysis to screen out the most important physical schemes which influence 

simulation results significantly; and (2) experiment all combinations grouped only by 

significant physical schemes with long-term RegCM4 simulations. 
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Table 2.1 The list of available choices for five physical schemes. 

Physical scheme Available choices 

Land surface  Biosphere-Atmosphere Transfer Scheme (Dickinson et al. 1993) 

Community Land Model version 4.5 (Oleson et al. 2010) 

Planetary boundary layer Holtslag PBL (Holtslag et al. 1990) 

University of Washington PBL (Bretherton et al. 2004) 

Cumulus convection  Modified-Kuo (Anthes 1977) 

Grell (Grell 1993) 

MIT-Emanuel (Emanuel 1991; Emanuel and Živković-Rothman 

1999) 

Tiedtke (Tiedtke 1996) 

Kain-Fritsch (Kain 2004) 

Moisture  Explicit moisture (SUBEX) (Pal et al. 2000) 

Nogherotto/Tompkins (Nogherotto et al. 2016) 

Ocean flux  BATS1e (Monin-Obukhov)  

Zeng (Zeng et al. 1998) 

Coare bulk flux algorithm (Fairall et al. 2003) 
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Following the general introduction mentioned above, section 2.1 will demonstrate the 

multi-level factorial design. The detailed model setup of RegCM4 and corresponding data 

descriptions are presented in section 2.2. 

 

2.1 Multi-level factorial design 

Multi-level factorial design is a powerful statistical approach for analyzing not only 

the effect of each contributing factor independently, but also the interactions among them 

(Wang et al. 2015). The detailed factorial design is presented in Table 2.2, which covers 

all possible combinations of above-mentioned physical schemes in latest version of 

RegCM4. Each scheme combination is tested through a two-year RegCM4 simulation 

(120 runs in total). 

In this case, the aforementioned five different physical schemes and their interactions 

are regarded as contributing factors, and the dependent variables include near surface mean 

temperature (2-m Tmean), precipitation, wind speed (S) and wind direction (d). Wind speed 

and wind direction are calculated through the following two equations: 

 

 
2 2S uas vas= +  (2.1) 
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Table 2.2 Multi-level factorial design. 

No. Land PBL Moisture Ocean Cumulus 

1 BATS Holtslag SUBEX BATS Kuo 

2 BATS Holtslag SUBEX BATS Grell 

3 BATS Holtslag SUBEX BATS Emanuel 

4 BATS Holtslag SUBEX BATS Tiedtke 

5 BATS Holtslag SUBEX BATS K-F 

6 BATS Holtslag SUBEX Zeng Kuo 

7 BATS Holtslag SUBEX Zeng Grell 

8 BATS Holtslag SUBEX Zeng Emanuel 

9 BATS Holtslag SUBEX Zeng Tiedtke 

10 BATS Holtslag SUBEX Zeng K-F 

11 BATS Holtslag SUBEX Bulk Kuo 

12 BATS Holtslag SUBEX Bulk Grell 

13 BATS Holtslag SUBEX Bulk Emanuel 

14 BATS Holtslag SUBEX Bulk Tiedtke 

15 BATS Holtslag SUBEX Bulk K-F 

16 BATS Holtslag N/T BATS Kuo 

17 BATS Holtslag N/T BATS Grell 

18 BATS Holtslag N/T BATS Emanuel 

19 BATS Holtslag N/T BATS Tiedtke 

20 BATS Holtslag N/T BATS K-F 

21 BATS Holtslag N/T Zeng Kuo 

22 BATS Holtslag N/T Zeng Grell 

23 BATS Holtslag N/T Zeng Emanuel 

24 BATS Holtslag N/T Zeng Tiedtke 

25 BATS Holtslag N/T Zeng K-F 

26 BATS Holtslag N/T Bulk Kuo 

27 BATS Holtslag N/T Bulk Grell 

28 BATS Holtslag N/T Bulk Emanuel 

29 BATS Holtslag N/T Bulk Tiedtke 

30 BATS Holtslag N/T Bulk K-F 

31 BATS UW SUBEX BATS Kuo 

32 BATS UW SUBEX BATS Grell 

33 BATS UW SUBEX BATS Emanuel 

34 BATS UW SUBEX BATS Tiedtke 

35 BATS UW SUBEX BATS K-F 

36 BATS UW SUBEX Zeng Kuo 

37 BATS UW SUBEX Zeng Grell 

38 BATS UW SUBEX Zeng Emanuel 

39 BATS UW SUBEX Zeng Tiedtke 

40 BATS UW SUBEX Zeng K-F 

41 BATS UW SUBEX Bulk Kuo 

42 BATS UW SUBEX Bulk Grell 

43 BATS UW SUBEX Bulk Emanuel 

44 BATS UW SUBEX Bulk Tiedtke 

45 BATS UW SUBEX Bulk K-F 

46 BATS UW N/T BATS Kuo 
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47 BATS UW N/T BATS Grell 

48 BATS UW N/T BATS Emanuel 

49 BATS UW N/T BATS Tiedtke 

50 BATS UW N/T BATS K-F 

51 BATS UW N/T Zeng Kuo 

52 BATS UW N/T Zeng Grell 

53 BATS UW N/T Zeng Emanuel 

54 BATS UW N/T Zeng Tiedtke 

55 BATS UW N/T Zeng K-F 

56 BATS UW N/T Bulk Kuo 

57 BATS UW N/T Bulk Grell 

58 BATS UW N/T Bulk Emanuel 

59 BATS UW N/T Bulk Tiedtke 

60 BATS UW N/T Bulk K-F 

61 CLM4.5 Holtslag SUBEX BATS Kuo 

62 CLM4.5 Holtslag SUBEX BATS Grell 

63 CLM4.5 Holtslag SUBEX BATS Emanuel 

64 CLM4.5 Holtslag SUBEX BATS Tiedtke 

65 CLM4.5 Holtslag SUBEX BATS K-F 

66 CLM4.5 Holtslag SUBEX Zeng Kuo 

67 CLM4.5 Holtslag SUBEX Zeng Grell 

68 CLM4.5 Holtslag SUBEX Zeng Emanuel 

69 CLM4.5 Holtslag SUBEX Zeng Tiedtke 

70 CLM4.5 Holtslag SUBEX Zeng K-F 

71 CLM4.5 Holtslag SUBEX Bulk Kuo 

72 CLM4.5 Holtslag SUBEX Bulk Grell 

73 CLM4.5 Holtslag SUBEX Bulk Emanuel 

74 CLM4.5 Holtslag SUBEX Bulk Tiedtke 

75 CLM4.5 Holtslag SUBEX Bulk K-F 

76 CLM4.5 Holtslag N/T BATS Kuo 

77 CLM4.5 Holtslag N/T BATS Grell 

78 CLM4.5 Holtslag N/T BATS Emanuel 

79 CLM4.5 Holtslag N/T BATS Tiedtke 

80 CLM4.5 Holtslag N/T BATS K-F 

81 CLM4.5 Holtslag N/T Zeng Kuo 

82 CLM4.5 Holtslag N/T Zeng Grell 

83 CLM4.5 Holtslag N/T Zeng Emanuel 

84 CLM4.5 Holtslag N/T Zeng Tiedtke 

85 CLM4.5 Holtslag N/T Zeng K-F 

86 CLM4.5 Holtslag N/T Bulk Kuo 

87 CLM4.5 Holtslag N/T Bulk Grell 

88 CLM4.5 Holtslag N/T Bulk Emanuel 

89 CLM4.5 Holtslag N/T Bulk Tiedtke 

90 CLM4.5 Holtslag N/T Bulk K-F 

91 CLM4.5 UW SUBEX BATS Kuo 

92 CLM4.5 UW SUBEX BATS Grell 

93 CLM4.5 UW SUBEX BATS Emanuel 

94 CLM4.5 UW SUBEX BATS Tiedtke 

95 CLM4.5 UW SUBEX BATS K-F 

96 CLM4.5 UW SUBEX Zeng Kuo 

97 CLM4.5 UW SUBEX Zeng Grell 
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98 CLM4.5 UW SUBEX Zeng Emanuel 

99 CLM4.5 UW SUBEX Zeng Tiedtke 

100 CLM4.5 UW SUBEX Zeng K-F 

101 CLM4.5 UW SUBEX Bulk Kuo 

102 CLM4.5 UW SUBEX Bulk Grell 

103 CLM4.5 UW SUBEX Bulk Emanuel 

104 CLM4.5 UW SUBEX Bulk Tiedtke 

105 CLM4.5 UW SUBEX Bulk K-F 

106 CLM4.5 UW N/T BATS Kuo 

107 CLM4.5 UW N/T BATS Grell 

108 CLM4.5 UW N/T BATS Emanuel 

109 CLM4.5 UW N/T BATS Tiedtke 

110 CLM4.5 UW N/T BATS K-F 

111 CLM4.5 UW N/T Zeng Kuo 

112 CLM4.5 UW N/T Zeng Grell 

113 CLM4.5 UW N/T Zeng Emanuel 

114 CLM4.5 UW N/T Zeng Tiedtke 

115 CLM4.5 UW N/T Zeng K-F 

116 CLM4.5 UW N/T Bulk Kuo 

117 CLM4.5 UW N/T Bulk Grell 

118 CLM4.5 UW N/T Bulk Emanuel 

119 CLM4.5 UW N/T Bulk Tiedtke 

120 CLM4.5 UW N/T Bulk K-F 
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where uas is anemometric zonal (westerly) wind component, and vas is anemometric 

meridional (southerly) wind component.   

The effects model of the proposed design can be summarized as follows:  
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+ + + + + +

+

  (2.3) 

 

where   is the overall mean effect; i  is the effect of physical scheme A; ( )ij  is the 

effect of interaction between scheme A and B; ( )ijk  is the effect of interaction among 

scheme A, B and C; ( )ijkl  is the effect of interaction among scheme A, B, C and D; 

and ( )ijklm  is the effect of interaction among all schemes. Other terms in equation 

(2.3) can be interpreted similarly. 
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In the proposed factorial design, total sum of squares (SST), sum of squares due to 

single physical scheme and sum of squares due to interactions among different physical 

schemes can be calculated by the following equations. We only take SSA, SSAB, SSABC, 

SSABCD and SSABCDE for examples, which represent main effect of single physical scheme, 

interaction between two physical schemes, interaction among three physical schemes, 

interaction among four physical schemes and interaction among all physical schemes, 

respectively. Others can be calculated and interpreted similarly. 
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Degree of freedom: abcde – 1 

 

(2) Main effect of single physical scheme: 
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Degree of freedom: a – 1 

 

(3) Interaction between two physical schemes: 

...

1 1 1

     1,2, ,     1,2, ,
c d e

ij ijklm

k l m

y y i a j b
= = =

= = = ；  (2.10) 

...

1 1 1

1
     1,2, ,     1,2, ,

c d e

ij ijklm

k l m

y y i a j b
cde = = =

= = = ；   (2.11) 

2

... .....

1 1 1 1 1

2 2

... ..... ... .....

1 1 1 1 1

2 2

... ..... ... .....

1 1 1 1

2

...

1 1

( )

    ( 2 )

    2 ( )

1
    

a b c d e

ij

i j k l m

a b c d e

ij ij

i j k l m

a b a b

ij ij

i j i j

a b

ij

i j

SS y y

y y y y

cde y abcde y cde y y

y
cde

= = = = =

= = = = =

= = = =

= =

= −

= + −

= +  −  

=





 

 2

.....

1
y

abcde
−

 (2.12) 



19 

 

Degree of freedom (SS): ab – 1 

AB A BSS SS SS SS= − −    (2.13) 

Degree of freedom: (a – 1)(b – 1) 

 

(4) Interaction among three physical schemes: 
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Degree of freedom: abc – 1 

ABC A B C AB AC BCSS SS SS SS SS SS SS SS= − − − − − −  (2.17) 

Degree of freedom: (a – 1)(b – 1)(c – 1) 

 

(5) Interaction among four physical schemes: 
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Degree of freedom: abcd – 1 

ABCD A B C AB AC BC ABC ABD ACD BCDSS SS SS SS SS SS SS SS SS SS SS SS= − − − − − − − − − −   

(2.21) 

Degree of freedom: (a – 1)(b – 1)(c – 1)(d – 1) 

 

(6) Interaction among all physical schemes:   

1 A B C D ESS SS SS SS SS SS= + + + +    (2.22) 

2 AB AC AD AE BC BD BE CD CE DESS SS SS SS SS SS SS SS SS SS SS= + + + + + + + + +   (2.23) 

3 ABC ABD ABE ACD ACE ADE BCD BCE BDE CDESS SS SS SS SS SS SS SS SS SS SS= + + + + + + + + +

  (2.24) 

4 ABCD ABCE ABDE ACDE BCDESS SS SS SS SS SS= + + + +   (2.25) 

1 2 3 4ABCDE TSS SS SS SS SS SS= − − − −    (2.26) 

Degree of freedom: (a – 1)(b – 1)(c – 1)(d – 1)(e – 1) 

 

where A, B, C, D and E represent 5 different physical schemes with a, b, c, d and e available 

choices, ijklmy  denotes the simulation result when select ith choice of scheme A, jth choice 
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of scheme B, kth choice of scheme C, lth choice of scheme D, and mth choice of scheme E. 

Then the contribution (Con) explained by each single physical scheme or their interaction 

can be obtained through the following equation (only take scheme A for example): 

 

 
A

A

T

SS
Con

SS
=   (2.27) 

 

According to the experimental results of RegCM4, there is no difference between two 

runs with completely same model setup and core number. It is thus impossible to conduct 

replicated experiments for full factorial analyses. In order to solve the above problem, the 

contribution level (β) is introduced to determine the sum of squares due to errors (SSError) 

and then construct the reduced factorial model. If the contribution is smaller than 

predetermined contribution level (β), the corresponding sum of squares are regarded as 

errors (SSError), which can be formulated as follows: 

 

     
p

Error p

Con

SS SS


=    (2.28) 

 

where p denotes the contributing factor (including single physical scheme or 

interaction among different physical schemes). Moreover, since all the contributing factors 

investigated in this paper are qualitive variables, the quantitative regression model is hard 

to be determined without subjective assignments. It is thus challenging to acquire the exact 

residuals and then conduct the normal and constant variance tests. Therefore, these 

residuals are assumed to be normally and independently distributed with mean zero and 
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constant variance for hypothesis testing (Montgomery 2017). On this basis, the F test is 

applied to examine the statistical significance of each physical scheme and the interactions 

among different physical schemes, which can be expressed as follows: 

 

 
/

/

p p p

p

Error Error Error

MS SS df
F

MS SS df
= =  (2.29) 

 

where dfp and dfError represent the degree of freedom for contributing factor p and 

errors, respectively; MSp and MSError are mean squares of contributing factor p and mean 

squares of errors, respectively. If , ,p Errorp df dfF F , the effects explained by contributing 

factor p can be considered significant, where α denotes the predefined significant level. 

 

2.2. Model setup and data description  

The model domain of this study is presented in Figure 2.1, which covers entire Canada 

and adjacent areas with 50-km horizontal resolution. The whole domain includes 13843 

(127×109) grid cells, and 4738 of them locate in land area. 120 short-term RegCM4 

simulations driven by ERA-interim reanalysis data with different physical scheme 

combinations (specified in Table 2.2) are conducted one by one for the period 1989-1990 

(Dee et al. 2011). The first year is recognized as spin-up period. The detailed model setup 

and related datasets can be summarized as follows:  

(1) the RegCM4 simulations are run at 18 vertical sigma layers through hydrostatic core 

with the model top pressure of 5 centibars;  

(2) the rotated mercator is selected as the domain cartographic projection;  
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(3)both the sea surface temperature (SST) and initial and boundary conditions (ICBC) are 

derived from European Center for Medium-Range Weather Forecast (ECMWF) datasets 

with 1.5-degree resolution (available at http://clima-

dods.ictp.it/Data/RegCM_Data/EIN15), which are updated every 6 hours;  

(4) the step interval is set to 150 seconds; 

(5) the same cumulus convection scheme is selected for land and ocean areas. 

In summary, the proposed experimental design has the following advantages: (1) it 

exhausts all possible physical scheme combinations of RegCM4 latest version; (2) the 

above-mentioned statistical analyses are conducted grid by grid to reflect the spatial  

variations of different physical scheme performances; (3) it considers the influences 

caused not only by single physical scheme, but also their multi-level interactions; and (4) 

it is more objective than neglecting high-order interactions directly. 

  

http://clima-dods.ictp.it/Data/RegCM_Data/EIN15
http://clima-dods.ictp.it/Data/RegCM_Data/EIN15
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Figure 2.1 Model domain. 
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CHAPTER 3  

RESULTS ANALYSIS 

 

On the bases of 120 RegCM4 simulation results driven by different physical scheme 

combinations (specified in Table 2.2), we calculate the simulated differences for four 

climatic variables (i.e., annual mean temperature, annual precipitation, annual wind speed 

and annual wind direction) of each grid cell through the following equation: 

 

 max mindiffS S S= −   (3.1) 

 

where Smax and Smin represent the maximum and minimum values of the 120 RegCM4 

simulation results of each grid cell, respectively. The frequency distributions of simulated 

differences are shown in Figure 3.1, and the corresponding spatial variations are presented 

in Figure 3.2. 

The results indicate that there exist non-negligible simulated differences when 

selecting different physical scheme combinations. In detail, the expected values of 

simulated differences for annual mean temperature, annual precipitation, annual wind 

speed and annual wind direction are 6.13 ℃, 2.10 mm/day, 1.55 m/s and 24.78 °, 

respectively. Moreover, the intervals bounded by 4.5 ℃ and 5.5 ℃, 2 mm/day and 2.5 

mm/day, 1 m/s and 1.5 m/s, 20 ° and 25 ° present the highest frequency of occurrence for 

the simulated differences of annual mean temperature, annual precipitation, annual wind 

speed and annual wind direction, accounting for approximate 20.6%, 32.8%, 34.1% and 

37.9% of total grid cells, respectively.  
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Figure 3.1 Frequency distributions of simulated differences for (a) annual mean temperature, (b) 

annual precipitation, (c) annual wind speed and (d) annual wind direction. 
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Figure 3.2 Spatial distributions of simulated differences for (a) annual mean temperature (b) 

annual precipitation (c) annual wind speed and (d) annual wind direction. 
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In addition, the simulated differences of the above-mentioned four climatic variables 

exhibit significant spatial variations (as shown in Figure 3.2). In detail, the simulated 

differences of annual mean temperature decrease gradually from northern to southern 

regions. Particularly, the southwestern coastal regions have the lowest simulated 

differences, which are lower than 3 ℃ (see Figure 3.2 (a)). For annual precipitation 

simulations, the coastal regions with comparatively higher annual precipitation amounts 

(including west coast of British Columbia, south coast of Ontario and south coast of 

Quebec) have the largest simulated variations (see Figure 3.2 (b)). The wind speed 

simulations with different physical scheme combinations vary significantly in Arctic 

region, a band-shaped area located in central Canada and an eastern coastal region of 

Hudson’s Bay (see Figure 3.2 (c)). For wind direction simulations, the simulated 

differences increase progressively from southwestern to northeastern Canada (see Figure 

3.2 (d)). 

In summary, since different physical scheme combinations lead to significantly 

varied simulation results, selecting proper physical scheme for the designated study area 

plays important role in improving the performance of RegCM4 simulations, which 

deserves further detailed investigations. In this chapter, section 3.1 will demonstrate the 

contributions explained by single physical schemes and their interactions, and then the 

major contributing factors will be selected; section 3.2 will present the spatial distributions 

of the statistical significance for each major contributing factor; and the seasonal variations 

of above-mentioned statistical significance will be illustrated in section 3.3. 

 

  



29 

 

3.1 Contributions 

Based on the results of 120 RegCM4 simulations, the sum of squares due to every 

single physical scheme and interaction among two or more physical schemes, as well as 

their corresponding contributions to total sum of squares are calculated for each grid cell. 

The percentage contribution measures the relative importance of each physical scheme 

and their interaction to four climatic variables (i.e., annual mean temperature, annual 

precipitation, annual wind speed and annual wind direction). Take one grid cell for 

example (Table 3.1), the sum of squares due to planetary boundary layer scheme (scheme 

B) is 74.24, which contributes 42.43% to annual mean temperature variations. The sum of 

squares and corresponding contributions due to other physical schemes and their 

interactions for other climatic variables can be obtained and interpreted similarly. From 

statistical perspective, five single physical schemes have dominant influences on annual 

mean temperature, annual precipitation and annual wind speed, accounting for 76.23%, 

58.28% and 78.62% of total variabilities, respectively. However, the interactions among 

different physical schemes also impact the simulation results significantly. Therefore, the 

influences caused by these interactions can not be neglected directly, especially for the 

interactions between two physical schemes. For example, the interaction between moisture 

scheme (scheme C) and cumulus convection scheme (scheme E) explains 15.43% of total 

variations in simulating annual precipitation, which can be regarded as the second most 

significant contributing factor. 
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Table 3.1 Sum of squares and contributions (%) of single physical scheme and interactions among 

different physical schemes for one grid cell (44.91°N, 96.69 °W). 

(Note that A, B, C, D and E represent land surface model, planetary boundary layer scheme, 

moisture scheme, ocean flux scheme and cumulus convection scheme, respectively) 

 Temperature (°C) Precipitation 

(mm/day) 

Wind Speed 

(m/s) 

Wind direction (°) 

 SS Con SS Con SS Con SS Con 

Single physical scheme 

A 11.11 6.35% 5.94 14.14% 2.26 42.54% 35.06 1.90% 

B 74.24 42.43% 0.01 0.03% 0.07 1.24% 372.18 20.12% 

C 3.04 1.74% 14.15 33.69% 0.12 2.16% 6.90 0.37% 

D 16.98 9.70% 0.26 0.61% 0.04 0.72% 0.38 0.02% 

E 28.01 16.01% 4.12 9.81% 1.70 31.96% 198.95 10.75% 

Interactions between two physical schemes 

A×B 3.30 1.89% 0.15 0.35% 0.11 2.09% 7.33 0.40% 

A×C 7.76 4.44% 0.51 1.21% 0.00 0.02% 8.12 0.44% 

A×D 1.65 0.95% 0.03 0.08% 0.01 0.13% 1.80 0.10% 

A×E 7.01 4.00% 1.47 3.49% 0.22 4.08% 38.92 2.10% 

B×C 2.15 1.23% 0.01 0.02% 0.01 0.24% 21.26 1.15% 

B×D 0.76 0.44% 0.18 0.43% 0.00 0.01% 6.92 0.37% 

B×E 4.99 2.85% 1.44 3.44% 0.06 1.18% 87.41 4.72% 

C×D 0.02 0.01% 0.07 0.18% 0.00 0.07% 100.34 5.42% 

C×E 2.15 1.23% 6.48 15.43% 0.00 0.05% 68.96 3.73% 

D×E 2.02 1.16% 0.93 2.21% 0.03 0.54% 148.43 8.02% 

Interactions among three physical schemes 

A×B×C 0.01 0.00% 0.00 0.01% 0.09 1.70% 1.09 0.06% 

A×B×D 0.08 0.04% 0.08 0.19% 0.02 0.46% 4.17 0.23% 

A×B×E 0.71 0.40% 0.29 0.68% 0.10 1.88% 39.93 2.16% 

A×C×D 0.19 0.11% 0.07 0.16% 0.03 0.49% 16.74 0.90% 

A×C×E 1.10 0.63% 0.36 0.87% 0.00 0.05% 7.18 0.39% 

A×D×E 1.91 1.09% 0.60 1.44% 0.04 0.83% 72.35 3.91% 

B×C×D 0.73 0.41% 0.53 1.27% 0.04 0.75% 36.04 1.95% 

B×C×E 0.25 0.14% 0.12 0.30% 0.01 0.27% 43.26 2.34% 

B×D×E 0.33 0.19% 0.12 0.29% 0.05 0.92% 58.59 3.17% 

C×D×E 0.89 0.51% 0.48 1.14% 0.06 1.04% 35.80 1.94% 

Interactions among four physical schemes 

A×B×C×D 0.05 0.03% 0.06 0.15% 0.03 0.49% 63.51 3.43% 

A×B×C×E 0.83 0.48% 0.37 0.89% 0.02 0.28% 46.08 2.49% 

A×B×D×E 0.86 0.49% 0.46 1.10% 0.03 0.63% 90.19 4.88% 

A×C×D×E 0.69 0.39% 1.47 3.50% 0.07 1.40% 81.06 4.38% 

B×C×D×E 0.76 0.43% 0.29 0.68% 0.05 0.91% 84.02 4.54% 

Interactions of all physical schemes 

A×B×C×D×E 0.39 0.22% 0.93 2.22% 0.05 0.85% 67.04 3.62% 

Total 174.98  42.01  5.32  1850.01  
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Table 3.1 summarizes the statistical information for one grid cell, and then we do the 

same calculations for other 4737 grid cells to further analyze the spatial variations. Firstly, 

the dominant factor is defined as the most important explanatory factor with the largest 

contribution to total variations. For the above-mentioned grid cell (Table 3.1), the 

dominant factors for annual mean temperature, annual precipitation, annual wind speed 

and annual wind direction are PBL scheme (scheme B), moisture scheme (scheme C), land 

surface model (scheme A) and PBL scheme (scheme B), respectively. The spatial 

distributions of dominant factor for these four climatic variables are presented in Figure 

3.3.  

In general, the different choices for PBL scheme, moisture scheme and land surface 

model dominant the model performances of annual mean temperature, annual precipitation 

and annual wind speed simulations, respectively. However, the dominant factors of grid 

cells located in coastal regions with relatively high elevation are different from that located 

in inland regions. In detail, the ocean flux scheme and cumulus convection scheme play 

more important role than boundary layer scheme (dominant factor for most inland areas) 

in coastal regions for annual mean temperature simulations. Compared with the Monin-

Obukhov scheme (one available choice for ocean flux scheme) which has no special 

treatment for convective conditions, the Zeng scheme (another available choice for ocean 

flux scheme) considers the momentum fluxes between the sea surface and lower 

atmosphere (Elguindi et al. 2014). It seems to be reasonable that the different choices of 

ocean flux scheme have more significant influences on coastal regions. Moreover, the 

“coastal effects” are also effective in precipitation simulations. The cumulus convection 

scheme dominants model performance in some grid cells located along coastal regions.  
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Figure 3.3 Spatial distributions of dominant factor. 
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For wind speed simulations, the near-surface wind flows are derived from pressure 

gradients, which are affected by topographic variations significantly (Huang et al. 2015). 

It is thus that the land surface model could be regarded as the most important contributing 

factor for most grid cells. However, the PBL scheme dominants the grid cells located in 

southwestern mountainous regions. Compared with temperature, precipitation and wind 

speed, the dominant factor of wind direction exhibits remarkable spatial variations. As 

shown in Figure 3.3, the land surface model dominants the southwestern and southcentral 

areas; planetary boundary layer scheme contributes most in northern areas; while cumulus 

convection scheme influences southeastern regions notably. The corresponding statistical 

information of dominant factor is summarized in Table 3.2. 

Figure 3.3 only presents the most significant contributing factors for each climatic 

variable. In order to further analyze the relative importance of each physical scheme and 

their interactions, we draw the corresponding histograms one by one (Figure 3.4). 

Compared with interactions among different physical schemes, it is obvious that five 

single physical schemes play dominant roles in climate simulations. In detail, except 

moisture scheme, all other single physical schemes have non-negligible influences on 

temperature simulations. Particularly, the expected contributions explained by PBL 

scheme (scheme B) and ocean flux scheme (scheme D) are 38.79% and 20.08%, 

respectively. For precipitation simulations, the moisture scheme (scheme C) and cumulus 

convection scheme (scheme E) contributes more than other three single physical schemes, 

and they explain average 46.85% and 14.28% of total variations, respectively. Moreover, 

there is no doubt that the land surface model (scheme A) should be considered first when 

simulating wind speed due to its dominant effects (56.09%). However, some interactions  
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Table 3.2 Statistical information of dominant factor.  

(Note that NG means the number of grid cells, A, B, C, D and E represent land surface model, 

planetary boundary layer scheme, moisture scheme, ocean flux scheme and cumulus convection 

scheme, respectively) 

 Temperature 

(°C) 

Precipitation 

(mm/day) 

Wind Speed 

(m/s) 

Wind direction 

(°) 

 NG % NG % NG % NG % 

Single physical scheme 

A 347 7.32% 107 2.26% 3463 73.09% 1154 24.36% 

B 3891 82.12% 61 1.29% 494 10.43% 1092 23.05% 

C 0 0% 3972 83.83% 234 4.94% 134 2.83% 

D 395 8.34% 12 0.25% 303 6.40% 142 3.00% 

E 105 2.22% 539 11.38% 116 2.45% 1113 23.49% 

Interactions between two physical schemes 

B×D 0 0% 0 0% 128 2.70% 11 0.23% 

D×E 0 0% 0 0% 0 0% 123 2.60% 

Others 0 0% 47 0.99% 0 0% 980 20.68% 
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Figure 3.4 The histograms of contributions explained by single physical schemes and their 

interactions: (a) annual mean temperature, (b) annual precipitation, (c) annual wind speed and (d) 

annual wind direction.  

(Note that A, B, C, D and E represent land surface model, planetary boundary layer scheme, 

moisture scheme, ocean flux scheme and cumulus convection scheme, respectively) 
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among different physical schemes also affect the simulation results greatly, they thus can’t 

be neglected directly. For example, the interaction between PBL scheme and ocean flux 

scheme (interaction B×D) has an impact on temperature simulations (Figure 3.4 (a)), while 

the precipitation simulation results are influenced by the interaction between moisture 

scheme and cumulus convection scheme (interaction C×E) to some extent (Figure 3.4 (b)). 

Particularly, the high-order interactions (e.g., interaction among land surface model, ocean 

flux scheme and cumulus convection scheme (interaction A×D×E)) also play considerable 

roles in wind direction simulations (Figure 3.4 (d)). 

According to the above-mentioned results, we determine the sum of squares due to 

errors for four climatic variables. If the expected value of contribution is less than 0.05, 

the sum of squares due to corresponding single physical scheme or interaction are regarded 

as errors. The selection results are summarized in Table 3.3, where √ represents that the 

corresponding factor (including single physical schemes and their interactions) is major 

contributing factor and will be analyzed in following sections; while × means that the sum 

of squares due to corresponding factor are assumed to be errors. 
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Table 3.3 Selection results for annual factorial analysis.  

(Note that √ represents the corresponding factor is major contributing factor, while × means the 

corresponding factor could be neglected; A, B, C, D and E represent land surface model, planetary 

boundary layer scheme, moisture scheme, ocean flux scheme and cumulus convection scheme, 

respectively) 

 Temperature 

(°C) 

Precipitation 

(mm/day) 

Wind Speed 

(m/s) 

Wind direction 

(°) 

Single physical scheme 

A √ √ √ √ 

B √ × √ √ 

C × √ √ × 

D √ × × × 

E √ √ √ √ 

Interactions between two physical schemes 

A×B × × × × 

A×C × × × × 

A×D × × × × 

A×E × × × × 

B×C × × × × 

B×D √ × × × 

B×E × × × × 

C×D × × × × 

C×E × √ × × 

D×E × × × × 

Interactions among three physical schemes 

A×B×C × × × × 

A×B×D × × × × 

A×B×E × × × × 

A×C×D × × × × 

A×C×E × × × × 

A×D×E × × × × 

B×C×D × × × × 

B×C×E × × × × 

B×D×E × × × × 

C×D×E × × × √ 

Interactions among four physical schemes 

A×B×C×D × × × × 

A×B×C×E × × × × 

A×B×D×E × × × × 

A×C×D×E × × × × 

B×C×D×E × × × × 

Interactions of all physical schemes 

A×B×C×D×E × × × × 
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3.2. Spatial distributions of Statistical significance for major contributing factors 

Based on the selection results mentioned in section 3.1, we conduct the hypothesis 

testing using F-test for each major contributing factor (specified in Table 3.3) grid by grid. 

Table 3.4 summarizes the analysis of variance (ANOVA) information for one grid cell 

located at 44.91 °N, 96.69 °W, and the ANOVA information for other 4737 grid cells can 

be calculated similarly. p value represents the smallest value to reject null hypothesis. If p 

value is smaller than the predefined significant level (α), the corresponding contributing 

factor is considered significant. Take α = 0.05 for example, simulation results of annual 

mean temperature are sensitive to the choices of land surface model (scheme A), PBL 

scheme (scheme B), ocean flux scheme (scheme D) and cumulus convection scheme 

(scheme E). However, the interactive effects caused by PBL scheme (scheme B) and ocean 

flux scheme (scheme D) do not have significant influence on annual mean temperature 

simulations. Other statistical information listed in Table 3.4 can be interpreted in the same 

way. 

On the bases of 4738 ANOVA tables (Table 3.4 is one example of them), we plot 

Figures 3.6, 3.8, 3.10 and 3.12 to reflect the spatial distributions of statistical significance 

for the above-mentioned major contributing factors. These four figures can be interpreted 

as follows: red color means the p value of designated grid cell is smaller than 0.001, 

indicating the climate simulations are very sensitive to the corresponding physical scheme 

or interaction. In contrast, the blue color represents that the p value of designated grid cell 

is larger than 0.1, demonstrating the corresponding physical scheme or interaction has 

negligible influence on simulation results. 
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Table 3.4 ANOVA information for one grid cell located at 44.91 °N, 96.69 °W.  

(Note that SS, DF, MS, F and p mean sum of squares, degree of freedom, mean squares, F-statistics 

and p value, respectively. A, B, C, D and E represent land surface model, planetary boundary layer 

scheme, moisture scheme, ocean flux scheme and cumulus convection scheme, respectively) 

 SS DF MS F  p 

Temperature 

A 11.11 1 11.11 27.61 < 0.001 

B 74.24 1 74.24 184.40 < 0.001 

D 16.98 2 8.49 21.09 < 0.001 

E 28.01 4 7.00 17.39 < 0.001 

B×D 0.76 2 0.38 0.95 0.391 

Precipitation 

A 5.94 1 5.94 57.24 < 0.001 

C 14.15 1 14.15 136.38 < 0.001 

E 4.12 4 1.03 9.93 < 0.001 

C×E 6.48 4 1.62 15.61 < 0.001 

Wind Speed 

A 2.26 1 2.26 215.71 < 0.001 

B 0.07 1 0.07 6.31 0.013 

C 0.12 1 0.12 10.97 0.001 

E 1.70 4 0.42 40.52 < 0.001 

Wind Direction 

A 35.06 1 35.06 3.05 0.084 

B 372.18 1 372.18 32.35 < 0.001 

E 198.95 4 49.74 4.32 0.003 

C×D×E 35.80 8 4.47 0.39 0.924 
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Climate is one of the most influential factors on vegetation, and the vegetation in turn 

affects climate (Shi et al. 2018). In order to further analyze the relationships between 

spatial variations of the statistical significance for major contributing factors and the 

spatial distributions of vegetation cover, we divide the study area into 15 subareas: Arctic 

Cordillera (AC), Atlantic Maritime (AM), Boreal Cordillera (BC), Boreal Plains (BP), 

Boreal Shield (BS), Hudson Plains (HP), Mixedwood Plains (MP), Montane Cordillera 

(MC), Northern Arctic (NA), Pacific Maritime (PM), Prairies (PR), Southern Arctic (SA), 

Taiga Cordillera (TC), Taiga Plains (TP), and Taiga Shield (TS) based on the Canadian 

forest ecosystem classification standard (shown in Figure 3.5), which is provided by 

Natural Resources Canada (available online at 

https://www.nrcan.gc.ca/forests/measuring-reporting/classification/13179). 

On this basis, we further plot the stacked histograms of statistical significance (p 

value) for climate simulations over selected subregions (Figures 3.7, 3.9, 3.11 and 3.13 are 

for annual mean temperature, annual precipitation, annual wind speed and annual wind 

direction, respectively). Since some grid cells locate on the boundaries and they belong to 

more than one subregions, the following equation should be satisfied: 

 

 

15

1

n total

n

N N
=

   (3.2) 

 

where Nn denotes the number of grid cells in nth subregion, while Ntotal represents the 

number of grid cells for whole study area. 

 

  

https://www.nrcan.gc.ca/forests/measuring-reporting/classification/13179
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Figure 3.5 Canadian forest ecosystem classification.  

(The related information is provided by Government of Canada and Natural Resources Canada, 

downloaded from http://sis.agr.gc.ca/cansis/nsdb/ecostrat/gis_data.html) 

 

  

http://sis.agr.gc.ca/cansis/nsdb/ecostrat/gis_data.html
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3.2.1 Annual mean temperature 

The spatial distributions of statistical significance (p value) for major contributing 

factors in simulating annual mean temperature are presented in Figure 3.6. The results 

indicate that the simulation results of annual mean temperature depend on the choices of 

planetary boundary layer (PBL) scheme and ocean flux scheme over the whole study area 

(see Figure 3.6 (b) and (c)). The results are in accordance with previous studies mentioned 

in section 3.1 (see Figure 3.4 (a)), which suggest the PBL scheme and ocean flux scheme 

have dominant influences on annual mean temperature simulations. Moreover, the annual 

mean temperature simulations are sensitive to the land surface model, cumulus convection 

scheme and the interaction between PBL scheme and ocean flux scheme in most grid cells 

when the significant level is 0.01 (82.42%, 85.16% and 94.96% of total grid cells, 

respectively).  

However, the statistical significances (p values) of aforementioned three contributing 

factors exhibit remarkable spatial variations. In detail, the land surface model has limited 

influences on annual mean temperature simulations in the following subregions: (i) Boreal 

Shield (BS) and (ii) North Arctic (NA) regions (see Figure 3.7 (a)), suggesting that the 

simulation results driven by different choices of land surface model (i.e., Biosphere-

Atmosphere Transfer Scheme (BATS) and Common Land Model version 4.5 (CLM 4.5)) 

are similar in these two subregions. Moreover, the annual mean temperature simulations 

are considered not sensitive to the cumulus convection scheme in in North Arctic (NA), 

South Arctic (SA) and Arctic Cordillera (AC) regions (see Figure 3.6 (d) and Figure 3.7 

(c)). The common characteristics of these three regions include: (1) long extreme cold 

winters and short cold summers; (2) lots of glaciers and ice caps; and (3) the dominant 
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vegetation type is sparse Arctic tundra. The vegetation (e.g., prosperous forests) could 

boost the convective activities through extracting the soil moisture and increasing the 

available energy (by shading the land) (Clark and Arritt 1995). It is thus reasonable to 

speculate that the cumulus convective activities are comparatively weak in these Arctic 

regions, leading to inconsiderable simulation differences with varied choices of cumulus 

convection scheme (i.e., Kuo, Grell, Emanuel, Tiedtke and Kain-Fritsch).  The influences 

caused by the interaction between planetary boundary layer scheme and ocean flux scheme 

are insignificant in almost all the grid cells in prairies region (PR) (see Figure 3.6 (e) and 

Figure 3.7 (c)). However, these interactive effects are considered influential for other 14 

subregions. 

 

3.2.2 Annual precipitation 

The spatial distributions of statistical significance (p value) for major contributing 

factors in simulating annual precipitation are presented in Figure 3.8. Moisture scheme is 

used to handle the sub-grid variability in non-convective clouds (Elguindi et al. 2014). The 

annual mean precipitation simulations are thus very sensitive to the moisture scheme over 

the whole study area (see Figure 3.8 (b)). The results mentioned in section 3.1 also suggest 

that the moisture scheme is the dominant physical scheme, determining the annual 

precipitation simulation results in most grid cells (see Figure 3.3 (b)).  

Besides, the cumulus convection scheme is designed for addressing convective 

precipitation activities (Elguindi et al. 2014), it thus has critical effects on annual 

precipitation simulations in most grid cells except for the North Arctic (NA) and South 

Arctic (SA) regions (see Figure 3.8 (c) and Figure 3.9 (b)). In section 3.2.1, we have  
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Figure 3.6 Spatial distributions of statistical significance (p value) for (a) land surface model, (b) 

PBL scheme, (c) ocean flux scheme, (d) cumulus convection scheme and (e) interaction between 

PBL and ocean flux schemes in simulating annual mean temperature. 
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Figure 3.7 Mean statistical significance (p value) of (a) land surface model, (b) cumulus 

convection scheme and (c) interaction between PBL and ocean flux schemes for simulating annual 

mean temperature over selected subregions. 
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pointed out that the convective activities are relatively weak in Arctic regions due to the 

sparse vegetation cover. Therefore, it is reasonable to believe that the similar simulation 

results would be obtained when selecting different choices of cumulus convection scheme 

in these regions. Figure 3.8 (d) presents the spatial distributions of p value for the 

interaction between cumulus convection scheme and moisture scheme, which has similar 

spatial patterns with the effects caused by cumulus convection scheme individually. For 

annual precipitation simulations, approximate 11.5% grid cells (mainly in Arctic regions) 

are considered insensitive to the interaction caused by both cumulus convection scheme 

and moisture scheme; while only about 2% and 0.5% grid cells are insensitive to cumulus 

convection scheme and moisture scheme, respectively. This suggests that single physical 

schemes contribute more on simulated variations in comparison with two-factor 

interactions in some occasions.  

Furthermore, the land surface model has inconsiderable effects on annual 

precipitation simulations in the following regions: (i) Arctic Cordillera (AC), (ii) Boreal 

Cordillera (BC), (iii) North Arctic (NA), (iv) South Arctic (SA) and (v) Pacific Maritime 

(PM) (see Figure 3.8 (a) and Figure 3.9 (a)). As shown in Figure 3.8 (a), most of the 

insensitive grid cells (blue) locate at coastal regions, indicating that the CLM and BATS 

have relatively slight simulation differences in coastal regions. 

 

3.2.3 Annual wind speed and wind direction 

The spatial distributions of statistical significance (p value) for simulating annual 

wind speed and wind direction are exhibited in Figure 3.10 and Figure 3.12, respectively. 

The results demonstrate that the varied choices of land surface model affect the simulation  
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Figure 3.8 Spatial distributions of statistical significance (p value) for (a) land surface model, (b) 

moisture scheme, (c) cumulus convection scheme, and (d) interaction between moisture and 

cumulus convection schemes in simulating annual precipitation. 
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Figure 3.9 Mean statistical significance (p value) of (a) land surface model, (b) cumulus 

convection scheme and (c) interaction between moisture and cumulus convection schemes for 

simulating annual precipitation over selected subregions. 
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results of annual wind speed considerably in almost all grid cells. As mentioned in section 

3.1, the land surface model is the dominant factor, which contributes largest percentage of 

simulated differences in most grid cells, accounting for the results presented in Figure 3.10 

(a) to some extent. In addition, the simulations of annual wind speed are considered 

sensitive to the PBL scheme in most regions excluding Arctic Cordillera (AC), North 

Arctic (NA), South Arctic (SA) and Prairies (PR) regions (see Figure 3.11 (a)). Particularly, 

the effects caused by selecting different PBL schemes seem to be negligible in Prairies 

(PR) in terms of both temperature and wind speed simulations (see Figure 3.6 (e) and 

Figure 3.10 (b)). 

Furthermore, the wind speed simulations would be influenced slightly by the different 

choices of moisture scheme in south Canada (including Atlantic Maritime (AM), Boreal 

Plains (BP), Boreal Shield (BS), Pacific Maritime (PM) and Prairies (PR) regions) (see 

Figure 3.10 (c) and Figure 3.11 (b)). The AM, BP, BS and PM regions are covered with 

high-density forests (including second and third growth forests). Besides, approximate 90% 

of PR region was developed as farmland with dense farm crops. Therefore, it is rational to 

speculate that the simulated differences induced by moisture scheme are not significant in 

densely vegetated areas. In contrast, the wind speed simulations are very sensitive to the 

choices of cumulus convection scheme due to the relatively strong convective activities in 

these regions.  

Compared with the simulations of annual mean temperature, annual precipitation and 

annual wind speed, the spatial variations of statistical significance for simulating wind 

directions are hard to be determined due to the “vague boundaries” (see Figure 3.12). In 

general, the land surface model has considerable influences on southern areas; the PBL  



53 

 

 
Figure 3.10 Spatial distributions of statistical significance (p value) for (a) land surface model, (b) 

PBL scheme, (c) moisture scheme, and (d) cumulus convection scheme in simulating annual wind 

speed. 
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Figure 3.11 Mean statistical significance (p value) of (a) PBL scheme, (b) moisture scheme and 

(c) cumulus convection scheme for simulating annual wind speed over selected subregions. 
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Figure 3.12 Spatial distributions of statistical significance (p value) for (a) land surface model, (b) 

PBL scheme, (c) cumulus convection scheme, and (d) interaction among moisture, ocean flux and 

cumulus convection schemes in simulating annual wind direction. 
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Figure 3.13 Mean statistical significance (p value) of (a) land surface model, (b) PBL scheme and 

(c) cumulus convection scheme for simulating annual wind direction over selected subregions. 
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scheme affects the western regions significantly; and the simulations of wind direction are 

considered sensitive to the cumulus convection scheme in eastern regions. 

 

In summary, the dominant factors have non-negligible influences on climate 

simulations over almost every grid cell in the study area (e.g., PBL scheme for temperature, 

moisture scheme for precipitation and land surface model for wind speed). However, the 

statistical significances (p value) of other major contributing factors for four climatic 

variables (i.e., annual mean temperature, annual precipitation, annual wind speed and wind 

direction) present significant spatial variations. Moreover, the different vegetation cover 

conditions seem to be one potential reason to explain these spatial variations. For example, 

the effects caused by cumulus convection scheme are comparatively unimportant in Arctic 

regions regarding to both temperature and precipitation simulations. As suggested by 

previous studies (Clark and Arritt 1995), dense vegetation cover could help promote the 

cumulus convective activities through extracting the moisture from soil layer and 

preventing the soil layer absorbing extra energy (thereby increasing available energy). 

However, Arctic regions are mainly covered with glaciers, ice caps and Arctic tundra, 

which prevent the cumulus convective activities to some extent, accounting for the 

insensitive features of cumulus convection scheme when simulating annual mean 

temperature and precipitation in these regions. In addition, the simulations of annual mean 

temperature are not sensitive to the interaction caused by PBL scheme and ocean flux 

scheme in prairie regions; while the simulations of annual wind speed are also insensitive 

to the PBL scheme in prairie regions. It is thus reasonable to believe that the simulated 

differences obtained from selecting different PBL schemes (i.e., Holtslag PBL scheme and 
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University of Washington PBL scheme) are relatively insignificant in prairies. Underlying 

mechanisms of the interrelationships between land cover conditions and climate 

simulations deserve and require further specific experimental designs, which are beyond 

the scope of current research. 

 

3.3 Seasonal variations of statistical significance for major contributing factors 

The annual and seasonal simulated differences (calculated through equation 3.1) for 

four climatic variables (i.e., mean temperature, precipitation, wind speed and wind 

direction) are presented in Figure 3.14. The results indicate that there exists high temporal 

inequality. For example, the simulated differences of winter mean temperature (with a 

median of 10.07 ℃) are much higher than that of other seasons (with medians of 6.97 ℃, 

8.68 ℃ and 5.22 ℃ for spring, summer and fall, respectively). Moreover, the simulation 

results of summer precipitation and summer wind direction also vary significantly when 

choosing different physical scheme combinations (see Figure 3.14 (b) and (d)). 

In addition to the great temporal inequality, the spatial variations of seasonal 

simulated biases are also evident. The spatial distributions of seasonal simulated biases are 

exhibited in Figure 3.15, which are defined as follows: 

 

 ( ) ( )diff seasonal diff annualbias S S= −   (3.3) 

 

where Sdiff(annual) and Sdiff(seasonal) are annual and seasonal simulated differences, respectively. 

As shown in Figure 3.15, the simulated differences of summer mean temperature in south 

central regions are remarkably larger than that of other regions.  
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Figure 3.14 Boxplots for annual and seasonal simulated differences: (a) mean temperature, (b) 

precipitation, (c) wind speed and (d) wind direction. 
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Figure 3.15 Spatial distributions of seasonal simulated biases (seasonal simulation differences – 

annual simulated differences). 
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Moreover, the simulated biases of winter mean temperature increase gradually from 

southwestern to northeastern areas. These two examples demonstrate the distinguished 

temporal and spatial variations regarding to simulation differences. 

Therefore, it is desired to further conduct seasonal analysis based on the procedures 

mentioned in sections 3.1 and 3.2. The contribution level is also set to be 0.05. Particularly, 

we add the following selection standard to deal with seasonal variations (take scheme A 

for example): if equation (3.4) is satisfied, the contributing factor A can be considered as 

major contributing factor. 

 

      1,2, , 4AiCon i  =   (3.4) 

 

where AiCon  represents the contribution explained by scheme A in season i. Table 3.5 

summarizes the corresponding selection results for seasonal analysis. In the following 

subsections, we will analyze the spatial and temporal variations of statistical significances 

for these four climatic variables over Canada in detail. 

 

3.3.1 Seasonal mean temperature 

The spatial distributions of statistical significance (p value) for major contributing 

factors in simulating seasonal mean temperature are presented in Figure 3.16. The results 

demonstrate that the mean temperature simulations are very sensitive to the dominant 

factor (i.e., PBL scheme) at all seasons over almost the whole study area.  

Except for the dominant factor, the choices of cumulus convection scheme determine 

the simulation results of summer mean temperature over the southern Canada, which  
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Table 3.5 Selection results for seasonal factorial analysis.  

(Note that √ represents the corresponding factor is major contributing factor, while × means the 

corresponding factor could be neglected; A, B, C, D and E represent land surface model, planetary 

boundary layer scheme, moisture scheme, ocean flux scheme and cumulus convection scheme, 

respectively) 

 Temperature 

(°C) 

Precipitation 

(mm/day) 

Wind Speed 

(m/s) 

Wind direction 

(°) 

Single physical scheme 

A √ √ √ √ 

B √ √ √ √ 

C √ √ × × 

D √ × √ √ 

E √ √ √ √ 

Interactions between two physical schemes 

A×B × × × × 

A×C × × × × 

A×D × × × × 

A×E × × × × 

B×C × × × × 

B×D √ × × × 

B×E × × × × 

C×D × × × × 

C×E × √ × × 

D×E × × × × 

Interactions among three physical schemes 

A×B×C × × × × 

A×B×D × × × × 

A×B×E × × × × 

A×C×D × × × × 

A×C×E × × × × 

A×D×E × × × × 

B×C×D × × × × 

B×C×E × × × × 

B×D×E × × × × 

C×D×E × × × × 

Interactions among four physical schemes 

A×B×C×D × × × × 

A×B×C×E × × × × 

A×B×D×E × × × × 

A×C×D×E × × × × 

B×C×D×E × × × × 

Interactions of all physical schemes 

A×B×C×D×E × × × × 
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Figure 3.16 Spatial distributions of statistical significance (p value) for major contributing factors 

in simulating seasonal mean temperature. 
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mainly includes Boreal Cordillera (BC), Boreal Plains (BP), Boreal Shield (BS) and 

Mixedwood Plains (MP) (see Figure 3.17). The foremost reason seems to be the cumulus 

convective activities in summer are more active than that in other three seasons, leading 

to larger simulation differences. One potential explanation is that the vegetation cover in 

these regions mainly composes of deciduous forests, and the flourishing plant growth in 

summer strengthen the effects of transpiration. As a result, abundant soil moisture is 

extracted from soil layer to atmosphere through the stoma of these plants, enhancing the 

convective activities to some extent. Moreover, the tree canopy prevents the heat 

conduction between the sun and land surface, increasing the near surface available energy 

for evaporation and transpiration (Pielke Sr 2001). However, the results also suggest that 

the cumulus convection scheme has very limited influences on winter mean temperature 

simulations, further indicating that the above-mentioned two effects are weakened 

significantly in winter. Besides the cumulus convection scheme, all of other five major 

contributing factors have considerable effects on winter mean temperature simulations, 

resulting in the largest simulated differences. In addition, the cumulus convection scheme 

has less crucial influences on northern regions, especially in Arctic Cordillera (AC) and 

North Arctic (NA) regions. As mentioned in section 3.2.1, the cumulus convective 

activities in these regions are relatively weak due to sparse vegetation cover. It is thus 

reasonable to believe that there exists strong relationship between cumulus convection and 

vegetation cover. 

Furthermore, the statistical significances of other factors (like land surface model and 

ocean flux scheme) exhibit distinguished north-south spatial variations in summer. From 

statistical perspective, one of the potential reasons is the percentage contributions  
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Figure 3.17 Mean statistical significances (p value) of (a) land surface model, (b) PBL scheme, (c) 

moisture scheme, (d) ocean flux scheme, (e) cumulus convection scheme and (f) interaction 

between PBL and ocean flux schemes for simulating seasonal mean temperature over selected 

subregions. 
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explained by cumulus convection scheme also presents non-negligible north-south 

variations in summer, although the summer mean temperature simulations are considered 

sensitive to cumulus convection scheme over whole study area.  

 

3.3.2 Seasonal precipitation 

The spatial distributions of statistical significance (p value) for major contributing 

factors in simulating seasonal precipitation are presented in Figure 3.18, while the mean 

value of p for each subregion (shown in Figure 3.5) is exhibited in Figure 3.19. As 

suggested in section 3.1, the moisture scheme is the dominant factor in almost all grid cells, 

which has considerable influences on precipitation simulations in all seasons.  

Besides the dominant factor (i.e., moisture scheme), the cumulus convection scheme 

contributes most to precipitation simulation variations, although the effects explained by 

it are negligible in a few grid cells. Moreover, the insensitive grid cells (p > 0.05) are 

concentrated in Arctic regions in summer and fall, while they are located along with the 

coastal zones of Hudson’s Bay in winter and spring. The similar seasonal and spatial 

patterns are also applicable for the interaction between moisture scheme and cumulus 

convection scheme. Since the plants are relatively flourishing in summer and fall, different 

vegetation cover conditions may affect the cumulus convective activities significantly, 

accounting for the north-south variations. In winter and spring, the influences caused by 

vegetation are comparably weak, thus the vegetation cover conditions are no longer the 

dominant influential factors to cumulus convective activities.  

In addition, the different choices of land surface model determine the precipitation 

simulation results in summer over most subregions, excluding Arctic Cordillera (AC),  
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Figure 3.18 Spatial distributions of statistical significance (p value) for major contributing factors 

in simulating seasonal precipitation. 
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Figure 3.19 Mean statistical significances (p value) of (a) land surface model, (b) PBL scheme, (c) 

moisture scheme, (d) cumulus convection scheme and (e) interaction between moisture and 

cumulus convection schemes for simulating seasonal precipitation over selected subregions. 
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Boreal Cordillera (BC) and Taiga Cordillera (TC)) when the significant level is 0.05. 

These three subregions mainly locate in mountainous areas with relatively high elevation. 

It is thus reasonable to speculate that the simulation differences derived from varied 

choices of land surface model are negligible over high-altitude regions, especially in 

Cordillera mountainous areas. This conclusion seems to be applicable for other three 

seasons as well. Compared with other three seasons, the simulated differences in summer 

are the largest, especially in southern Canada (see Figure 3.14 and Figure 3.15). This is 

explained by the combined effects of land surface model, moisture scheme, cumulus 

convection scheme, as well as the interaction between moisture scheme and cumulus 

convection scheme. In contrast, the PBL scheme exerts the most crucial influences on 

precipitation simulations in winter. As shown in Figure 3.19, the mean statistical 

significances (p value) of the following five subregions are larger than 0.05: Arctic 

Cordillera (AC), Boreal Cordillera (BC), Taiga Cordillera (TC), North Arctic (NA) and 

South Arctic (SA). These five subregions mainly locate in Cordillera mountainous areas 

and Arctic regions. 

 

3.3.3 Seasonal wind speed and wind direction 

The spatial distributions of statistical significance (p value) for major contributing 

factors in simulating seasonal wind speed are shown in Figure 3.20. The results indicate 

that the contributions explained by dominant factor (i.e., land surface model) are non-

negligible throughout the whole year in most grid cells. As suggested by previous studies, 

the simulations of wind components depend greatly on the topography and landcover   
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Figure 3.20 Spatial distributions of statistical significance (p value) for major contributing factors 

in simulating seasonal wind speed. 
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characteristics, accounting for the high priority of land surface model in wind speed 

simulations. 

In addition to the dominant factor, the PBL scheme and cumulus convection scheme 

also affect the simulation results of wind speed to some extent. However, the influences 

caused by these two schemes show significant seasonal variations. In detail, the PBL 

scheme has considerable effects on wind speed simulations in winter, spring and fall over 

most subregions (excluding Arctic Cordillera (AC), Montane Cordillera (MC), North 

Arctic (NA), Prairies (PR) and South Arctic (SA) regions) (see Figure 3.21). This further 

demonstrates that the similar simulation results would be reached when selecting different 

PBL schemes in Arctic regions, Cordillera mountainous areas, and prairies. In contrast to 

the PBL scheme, the cumulus convection scheme exerts the most importance influences 

on wind speed simulations in summer, which is in line with the effects on seasonal 

temperature and precipitation simulations (see Figure 3.16 and Figure 3.18). In other three 

seasons, the sensitivity of cumulus convection scheme presents evident spatial variations. 

It has remarkable influences on wind speed simulations over southern regions in spring, 

Pacific and Atlantic coastal zones in fall, and surrounding regions of Hudson’s Bay in 

winter. Furthermore, except for the Hudson’s Plains (HP) region in winter, the seasonal 

wind speed simulations are considered insensitive to the choices of ocean flux scheme. 

According to the conclusions mentioned in section 3.1, there is no dominant factor 

for wind direction simulations over the whole study area. The results presented in Figure 

3.22 and Figure 3.23 also suggest that the simulation results of wind direction are not 

sensitive to the choices of a specific physical scheme. From statistical perspective, the sum  
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Figure 3.21 Mean statistical significances (p value) of (a) land surface model, (b) PBL scheme, (c) 

ocean flux scheme, and (d) cumulus convection scheme for simulating seasonal wind speed over 

selected subregions. 
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Figure 3.22 Spatial distributions of statistical significance (p value) for major contributing factors 

in simulating seasonal wind direction. 
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Figure 3.23 Mean statistical significances (p value) of (a) land surface model, (b) PBL scheme, (c) 

ocean flux scheme, and (d) cumulus convection scheme for simulating seasonal wind direction 

over selected subregions. 
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of squares due to some interactions (especially the high-order interactions) are non-

negligible, although the contributions explained by them are smaller than 5%. However, 

we regard them as errors based on the selecting procedures mentioned in chapter 2, leading 

to the large sum of squares due to errors. This further causes the small F statistics and large 

p value.  

 

In summary, the dominant factors (i.e., PBL scheme for temperature, moisture 

scheme for precipitation, and land surface model for wind speed) exert considerable 

influences on simulations of corresponding climatic variable throughout the whole year. 

However, the effects caused by other major contributing factors present significant 

seasonal variations. For example, the cumulus convection scheme affects the simulation 

results more significantly in summer than other three seasons. The primary reason to 

explain it is most Canadian forests are covered by deciduous plants, accounting for the 

more active cumulus convective activities in summer to some extent. In contrast, the PBL 

has the most crucial impacts in winter. In addition, the simulations of wind direction are 

determined by various high-order interactions, it is thus difficult to figure out the 

statistically significant contributing factors.  
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CHAPTER 4  

CONCLUSIONS 

 

4.1 Summary 

In this study, a multi-level factorial design has been proposed to conduct the 

sensitivity analysis of RegCM4 physical scheme combinations. The proposed design has 

been applied to Canada for demonstrating its effectiveness. Based on the results of 120 

RegCM4 simulations, the major contributing factors for four climatic variables are 

screened out through introducing the concept of contribution level. Then the F-test has 

been conducted to evaluate the statistical significance of each single physical scheme or 

the interaction among multiple physical schemes. 

The advantages of the proposed design can be summarized as follows: (1) it exhausts 

all possible physical scheme combinations of RegCM4 latest version; (2) it considers the 

influences caused not only by single physical scheme, but also their multi-level 

interactions; (3) the statistical significances are calculated grid by grid to reflect the spatial 

variations; (4) the statistical significances are analyzed for each season to indicate the 

temporal variations; and (5) it is considered as an objective way for dealing with high-

order interactions. 

The results of this study can be summarized as follows: 

(1) There exist non-negligible annual and seasonal simulated differences when 

selecting varied physical scheme combinations. Moreover, these simulated differences 

present significant spatial variations.  
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(2) Five single physical schemes have dominant influences on annual and seasonal 

simulation variabilities. However, the influences caused by interactions among multiple 

physical schemes can not be neglected directly, especially for the interactions between two 

physical schemes. 

(3) The dominant factors of mean temperature, precipitation and wind speed are 

planetary boundary layer (PBL) scheme, moisture scheme and land surface model in most 

grid cells, respectively. However, the dominant factors of grid cells located in coastal 

regions with relatively high elevation are different from that located in inland regions.  

(4) The dominant factors have non-negligible influences on climate simulations over 

almost every grid cell in the study area. However, the statistical significances (p value) of 

other major contributing factors present significant spatial variations. For example, the 

effects caused by cumulus convection scheme are comparatively insignificant in Arctic 

regions regarding to both temperature and precipitation simulations.  

(5) The dominant factor exerts considerable influences on simulation results of 

corresponding climatic variable throughout the whole year. However, the effects caused 

by other major contributing factors present significant seasonal variations. For instance, 

the cumulus convection scheme affects the simulation results more significantly in 

summer than other three seasons, while the PBL scheme has the most crucial impacts in 

winter. 

(6) The different vegetation cover conditions may explain the spatial and temporal p 

value variations of cumulus convection scheme. The vegetation could help extract the soil 

moisture from soil layer to the atmosphere through the stoma. Moreover, the tree canopy 

could prevent the heat conduction between the sun and land surface, increasing the near 



84 

 

surface available energy for evaporation and transpiration. The Arctic regions are mainly 

covered with glaciers, ice caps and Arctic tundra, which prevent the cumulus convective 

activities to some extent, accounting for the insensitive features of cumulus convection 

scheme when simulating annual mean temperature and precipitation. In addition, most 

Canadian forests are covered by deciduous plants. This demonstrates that the promotion 

effects derived by these forests are relatively weak in winter, leading to the seasonal 

differences of the sensitivity. 

(7) The simulations of wind direction are determined by various high-order 

interactions, it is thus difficult to figure out the statistically significant contributing factors. 

 

4.2 Research achievements 

The main contribution of this dissertation is to propose a new framework for selecting 

the optimized physical scheme combination of RegCM4, which consists of the following 

two steps: (1) apply multi-level factorial design in sensitivity analysis to screen out the 

most important physical schemes which influence simulation results significantly; and (2) 

experiment all combinations grouped only by significant physical schemes with long-term 

RegCM4 simulations. Since RegCM4 is a computationally expensive simulation model, 

and long-term simulations are required to reduce the simulation errors caused by initial 

conditions, the proposed framework could strike a balance between computational costs 

and simulation accuracy, implying a significant improvement in physical scheme selection 

procedures of regional climate models. 

The proposed framework has been applied to Canada and the first-step simulations 

are completed. The results could help screen out the sensitive physical schemes or 
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interactions considering specific region and season, which further reduce the 

computational costs of following long-term RegCM simulations significantly. In addition, 

this research also points out the potential relationship between vegetation cover conditions 

and the sensitivity of cumulus convection scheme. 

 

4.3 Recommendations for future research 

Based on the research achievements and existing limitations of current research, 

further studies from the following perspectives are suggested: 

(1) Based on the results of current research, the long-term RegCM4 simulations will 

be conducted to select the optimized physical scheme combination over Canada (in 

progress). 

(2) For traditional factorial analysis, the replicate experiments are required to 

determine the sum of squares due to errors. However, it is impossible for most simulation 

models, including RegCM4. In this paper, an assumption has been introduced to deal with 

this problem. However, how to calculate the sum of squares due to errors without replicate 

experiments in an objective way is still an interesting topic for future studies. 

(3) In order to evaluate the statistical significance of each physical scheme and their 

interactions, the hypothesis testing should be conducted. This requires that the datasets 

should satisfy the basic assumptions of hypothesis testing. However, since all explanatory 

variables mentioned in this research are qualitive variables, the related tests (e.g., K-S test 

and Bartlett’s test) are hard to be conducted without subjective assignment. A proper 

method to deal with the above-mentioned problem deserves future work. 
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(4) The proposed framework could be further applied to other regional climate 

models, like Weather Research and Forecasting (WRF) model. However, compared with 

RegCM4, the WRF has much more physical schemes, as well as more available choices 

for each physical scheme. Therefore, the full factorial design is considered 

computationally expensive for WRF. It is thus desired to improve the current framework 

through integrating fractional factorial design. 
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