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The Amazon, as the world’s largest rainforest region, is important for global 

carbon cycle, climate change, and ecosystem.  This dissertation aims to investigate 

rainfall variability and the related atmospheric and land processes in tropical South 

America using both observations and climate models. 

The first two studies concern the changes and variability of the dry season over 

the southern Amazon, a domain with vulnerable tropical rainforest.  Ground-based 

observation from 1979 to 2011 indicates the dry season length (DSL) has increased at a 

rate of 6.5 ± 2.5 days per decade, mainly caused by a delay of the dry season ending 

(DSE).  A delay of the DSE has a clear impact on fire counts in austral spring.  Moreover, 

the DSE also has large interannual variation and thus has a strong impact on drought and 

flood.  Three dry season conditions are crucial for determining its trend and interannual 

variation.  (i) A poleward shift of the subtropical jet over South America (SJSA) can 

prevent cold frontal systems from moving northward into the Amazon.  This delays cold 

air incursion and results in late DSE over.  (ii) An anomalous anticyclonic center, which 
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enhances westerly wind at 850 hPa (U850) and the South American Low Level Jets 

(SALLJs), leads to moisture export from the southern Amazon to La Plata basin and 

reduces convective systems that provide elevated diabatic heating.  (iii) Smaller 

convective available potential energy (CAPE) and larger convective inhibition energy 

(CIN) limit local thermodynamically driven convection. 

However, global climate models can capture neither the drying trend nor the 

variability of the DSL and DSE.  Thus, the third and fourth studies deal with 

understanding the reported systematic dry bias over the Amazon in climate models.  Our 

evaluation of the Coupled Model Intercomparison Project phase 5 (CMIP5) models 

indicates the positive feedback between reduced cloudiness, too much surface solar 

radiation, high Bowen ratio, and suppression of rainfall appears to cause the dry bias.  A 

further investigation on Geophysical Fluid Dynamics Laboratory (GFDL) models 

demonstrates the Amazon dry season dry bias origins from biases in complicated 

processes, highlights the importance of the northern Andes on moisture flux convergence 

over the Amazon in the dry season, and suggests using at least 1° atmosphere-only model 

to understand the remaining dry season dry bias. 

The fifth study proposed a new method to assess CMIP5 climate projections for 

rainfall extremes.  The results indicate future heavy rainfall changes in the Amazon due 

to anthropogenic forcing may be underestimated by multi-model ensemble mean. 
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CHAPTER I 

INTRODUCTION 

 

 The chapters of this dissertation reflect the evolution of my understanding from 

observations to climate models and my subsequent thinking regarding ways in which the 

community can reduce the systematic model bias.  My background in statistics facilitates 

the exploration of the intriguing scientific questions.  This chapter presents literature 

review, research objectives, and research focus. 

 

1.1. Background 

The Amazon rainforest takes up 15% of global terrestrial photosynthesis [Field et 

al., 1998], as well as 25% of plant species [Dirzo and Raven, 2003].  It is highly 

important for global carbon cycle and climate change [Cox et al., 2000; Fung et al., 

2005].  However, three extreme droughts occurred in the first decade of 21st century in 

this tropical rainforest.  The 2010 drought event [Lewis et al., 2011; Davidson et al., 

2012] even expanded to significantly larger areas in the southern Amazon than the 2005 

drought [Oyama and Nobre, 2004; Salazar et al., 2007; Malhi et al., 2009].  The 

unprecedented drought in 2014-2015 is now affecting Sãn Paulo, South America’s giant 

metropolis, and threatening its reservoir system.  The extreme droughts had been shown 

to strongly impact the rainforest and its carbon cycle [Phillips et al., 2009; Lewis et al., 

2011; Saatchi et al., 2013].  For example, the rainforest ecosystem normally removes 
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carbon from the atmosphere, but the 2005 drought had a total biomass carbon impact of 

more than 1 petagrams [Phillips et al., 2009]. 

The dry season length (DSL) and ending (DSE; the same definition as the wet 

season onset in Chapter 3) in the Amazon are among the most important climate 

limitations for sustaining rainforests [Sombroek, 2001; Sternberg, 2001; Hutyra et al., 

2005; Staver et al., 2011].  The more frequent drought occurrence, along with possible 

increase of DSL and delay of DSE during the past few decades [e.g. Li and Fu, 2006; 

Marengo et al., 2011] heighten the urgency of understanding what causes these dry 

anomalies and whether they will continue into the future. 

Moreover, the DSE also has large interannual variation, and thus has strong 

impacts on bioproductivity of the rainforests, fire risk, agriculture and hydropower 

production in the Amazon [Zhao and Running, 2010; Alencar et al., 2011; Chen et al., 

2011] and contributes significantly to variations of global atmospheric carbon dioxide 

concentration [Cochrane et al., 1999; Friedlingstein et al., 2006; Friedlingstein, 2008; 

Asner, 2009; Ackerley et al., 2011; Chen et al., 2011; Lee et al., 2011].  Most of the 

previous studies identify El Niño Southern Oscillation (ENSO) and Atlantic sea surface 

temperature anomalies (SSTA) as the primary forcings of the interannual variability in 

DSE over the Amazon [Kousky et al., 1984b; Liebmann and Marengo, 2001b; Marengo 

et al., 2001b; Yoon and Zeng, 2010; Marengo et al., 2011].  However, the relationship 

between the oceanic forcing and wet season onset date is not robust enough for the 

prediction of the DSE [Liebmann and Marengo, 2001b].  How can we improve our 

predictive understanding of the controls on the variability of DSE in the Amazon beyond 



 3 

its linear relationship with ENSO and Atlantic SSTA and how the coupling between 

rainforest and rainfall contributes to the non-linear response of the rainfall to SSTA 

forcing?  This dissertation first aims to understand the changes and variations in DSL and 

DSE and their controlling processes in observations. 

Cox et al. [2008] indicates there is an increasing probability for droughts 

exceeding the magnitude of the 2005 drought event in the 21st century.  However, 

contrary to the observed drying, some global climate models that previously projected 

strong drying over Amazonia, now project much weaker drying by the end of the 21st 

century as these models evolve [Good et al., 2013].  Previous studies using Coupled 

Model Intercomparison Project phase 3 (CMIP3) models showed large uncertainties for 

Amazon rainfall and its seasonality [Li et al., 2006; Vera and Silvestri, 2009; Seth et al., 

2011].  The phase 5 (CMIP5) historical simulations still show a pervasive underestimate 

of Amazon rainfall during the dry season [Yin et al., 2012; Joetzjer et al., 2013; Sierra et 

al., 2015].  Particularly, GFDL models produce only around 1 mm/d rainrate in the 

Amazon dry season (June, July and August, JJA) while the observation can have more 

than 3 mm/d rainrate in the same period.  The mechanisms are poorly understood despite 

several experiments to investigate them by GFDL scientists.  The systematic dry bias 

over the Amazon has actually been recognized as an issue in General Circulation Models 

(GCMs) since the Third Assessment Report by Intergovernmental Panel on Climate 

Change (IPCC TAR, IPCC [2001]), and it is still one of the biggest issues remaining in 

the current generation of GCMs [IPCC, 2013; Mueller and Seneviratne, 2014].  This bias 

impedes our effort to investigate the potential impacts of the Amazon rainforest on global 
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climate.  Therefore, this dissertation also explores the reasons for the dry bias over the 

Amazon in current climate models. 

Efforts have been put to understand and improve the Amazon dry bias.  Richter et 

al. proposed a positive feedback between Amazon rainfall bias, and westerly wind bias 

and cold sea surface temperature (SST) bias in western tropical Atlantic in boreal spring 

and summer [Richter et al., 2011; Richter et al., 2012b].  Doi et al. [2012] used GFDL-

CM2.1 (the old version coupled model) and CM2.5 (the high resolution coupled model) 

and concludes that the rainfall deficit in northern South America is linked to meridional 

migration of the Inter-Tropical Convergence Zone (ITCZ) and involves coupled feedback 

with the sea surface temperature (SST) pattern.  However, the GFDL atmosphere-only 

model (AM3) with prescribed SST still shows a dry season dry bias in the Amazon, 

although the bias in annual mean rainfall is not clearly identified [Donner et al., 2011].  

Thus, investigation of atmospheric condition biases in addition to SST bias that 

contributes to the Amazon dry season dry bias is further needed. 

Previous studies have suggested that evapotranspiration (ET) during the late dry 

season is mainly supported by soil moisture in the deep layer and may play an important 

role in rainfall change during the dry and transition seasons [Li and Fu, 2004b].  Rainfall 

in the late wet season is important for the recharge of deep soil layer [Juarez et al., 2007].  

Thus, quantifying the relative importance of large-scale moisture transport and surface 

ET and understanding the biosphere-atmosphere interactions are also crucial to 

understanding the dry season dry bias and the trigger of the following DSE. 

Different climate models have a wide range of climate responses for future 
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climate projections both globally and regionally, even when using the same scenarios for 

greenhouse gas concentration increases [IPCC, 2007].  A commonly used approach is to 

treat all models as equally likely; the resulting multi-model ensemble mean (MMEM) is 

demonstrated superior to most if not all individual models [Lambert and Boer, 2001; 

Gleckler et al., 2008]. 

The MMEM may not be the best approach when most models tend to have biases 

in the same direction, i.e. systematic biases [IPCC, 2010].  For instance, most models 

simulate excessively dry conditions over the Amazon in the dry season resulting in a 

similar bias for the MMEM.  The MMEM could also be problematic when the focus is 

climate extremes that are not Gaussian-distributed, e.g. daily precipitation.  Averaging is 

expected to cancel out extreme values especially in regions where models have large 

disagreement, and the distribution for the specific variable substantially narrows 

[Räisänen and Ylhäisi, 2012; Scoccimarro et al., 2013]. 

Many documented distributions have been explored to understand daily 

precipitation [Buishand, 1978; Wilks, 1998; Hanson and Vogel, 2008]; the Gamma 

distribution is considered to provide a good fit [Thom, 1958; Watterson and Dix, 2003].  

One good example is the inclusion of fitting a Gamma distribution for precipitation when 

the Standard Precipitation Index (SPI), a widely accepted standard for drought 

monitoring, is calculated [McKee et al., 1993].  One appealing reason why the MMEM is 

widely used and reported in the Intergovernmental Panel on Climate Change Fourth 

Assessment Report [IPCC, 2007] is its simplicity.  Therefore, this dissertation also 

focuses on understanding the probability distribution of daily rainfall in a simple 
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framework using multi-model ensembles to analyze future changes.  

 

1.2. Scientific Questions and Research Objectives 

The scientific questions I address in this dissertation are:  

(i) How have the dry season length (DSL) and dry season ending (DSE) in the 

Amazon changed and what controls their changes and interannual variability? 

(ii) Does the new generation of global climate models (CMIP5) still have dry biases 

in the Amazon and what processes are responsible for it? 

(iii) How would rainfall extremes changes in future? 

By addressing the above research questions, the research conducted for this 

dissertation contributes to a broader understanding of the Amazon climate.  The overall 

goal of this dissertation is systematically evaluate the factors that are responsible for 

rainfall changes, variability, and extremes in recent past and future over the Amazon.  The 

specific objectives are: 

(i) Elucidate the mechanisms underlying the observed change and variability of DSL 

and DSE in the Amazon; 

(ii) Provide climate modeling groups about the sources of model biases and potential 

influence on climate projection for the Amazon; 

(iii) Explore future projection of rainfall extremes utilizing multi-model ensembles. 

 

1.3. Research Focus 

 This dissertation is divided into five main chapters.  Each chapter corresponds to 



 7 

an independent manuscript.  The first three chapters have been published and the latter 

two are in preparation. 

 Chapter 2 investigates the observed change of DSL and DSE over the southern 

Amazon from two ground-based data sets and what processes contribute to their changes.  

The material presented in this chapter has been published in [Fu et al., 2013].  Per Dr. 

Rong Fu’s recommendation due to its close connection with the next chapter, it is 

included in this dissertation.  The author of the dissertation largely contributed to conduct 

the research in the publication. 

 Chapter 3 explores the interannual variability of DSE over the southern Amazon, 

and related atmospheric and land conditions as well as sea surface temperature anomalies 

(SSTA) are studied.  The material discussed in this chapter has been published in [Yin et 

al., 2014]. 

 Chapter 4 focuses on CMIP5 model biases over the Amazon.  The dry bias in 

coupled climate models is attributed to a couple of reasons.  The material presented in 

this chapter has been published in [Yin et al., 2012]. 

 Chapter 5 further investigates the dry bias in coupled and uncoupled GFDL 

models from the moisture budget perspective and highlight the importance of the 

topography effect on moisture transport over the Amazon.  This work is based on 

collaboration with GFDL scientists and the draft is in preparation. 

 Chapter 6 proposes a new method for future projection of rainfall extremes and 

compares it with multi-model ensemble mean.  It highlights the future heavy rainfall 

events may be more frequent.  This material corresponds to a publication submitted to 
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Geophys Res Lett. 

 Each of the chapters described above is organized in the journal publication 

format.  They are mainly presented in five sections: (i) abstract, (ii) introduction, (iii) data 

and methodology, (iv) results, and (v) discussion and conclusions.  Additionally, Chapter 

7 summarizes the global conclusion and findings obtained from the five main chapters. 
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CHAPTER II 

INCREASED DRY SEASON LENGTH OVER SOUTHERN 

AMAZONIA IN RECENT DECADES AND ITS IMPLICATION FOR 

FUTURE CLIMATE PROJECTION1 

 

2.1. Abstract 

We have observed that the dry season length (DSL) has increased over southern 

Amazonia since 1979, primarily due to a delay of its ending dates (DSE), and 

accompanied by a prolonged fire season.  A poleward shift of the subtropical jet over 

South America (SJSA) and an increase of local convective inhibition energy (CIN) in 

austral winter (June-August) appear to cause the delay of the DSE in austral spring 

(September-November). These changes cannot be simply linked to the variability of the 

tropical Pacific and Atlantic Oceans.  Although they show some resemblance to the 

effects of anthropogenic forcings reported in the literature, we cannot attribute them to 

the latter because of inadequate representation of these processes in the global climate 

models that participated in the Intergovernmental Panel on Climate Change Fifth 

Assessment Report (IPCC AR5).  These models significantly underestimate the 

variability of the DSE and DSL and their controlling processes. Such biases imply that 

the future change of the DSE and DSL may be underestimated by the climate projections 

                                                
1Substantial portions of this chapter were previously published in Fu, R., L. Yin, W. Li, P.A. Arias, R.E. 
Dickinson, L. Huang, S. Chakraborty, K. Fernandes, B. Liebmann, R. Fisher, and R. Myneni (2013), 
Increased dry-season length over southern Amazonia in recent decades and its implication for future 
climate projection, Proc Natl Acad Sci USA, doi:10.1073/pnas.1302584110.  R. Fu designed research; R. 
Fu, L.Y., W.L., and K.F. performed research; R. Fisher, and R.B.M. contributed new reagents/analytic 
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provided by the IPCC AR5 models. Although it is not clear whether or not the observed 

increase of the DSL will continue in the future, were it to occur at the rate a half of that 

observed, the long DSL and fire season that contributed to the 2005 drought would 

become the new norm by the late 21st century. The large uncertainty shown in this study 

highlights the need for a focused effort to better understand and simulate these changes 

over southern Amazonia. 

 

2.2. Significant Statement 

 Whether the dry season length will increase is a central question in determining 

the fate of the rainforests over Amazonia, and the future global atmospheric CO2 

concentration. We show observationally that the dry season length over southern 

Amazonia has increased significantly since 1979.  We do not know what have caused this 

change, although it shows resemblance to the effects of anthropogenic climate change.  

The global climate models that participated in the Intergovernmental Panel on Climate 

Change Fifth Assessment Report (IPCC AR5) appear to substantially underestimate the 

variability of the dry season length. Such a bias implies that the future change of the dry 

season length, hence the risk of rainforest dieback, may be underestimated by the 

projections of these models.  

 

2.3. Introduction 

Fifteen percent of global terrestrial photosynthesis occurs in the Amazon 

rainforest [Field et al., 1998], where 25% of plant species are found [Dirzo and Raven, 
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2003]. This rainforest ecosystem normally removes carbon from the atmosphere, but 

released more than 1 PgC to the atmosphere in the 2005 drought [Phillips et al., 2009].  

Consequently, even a partial loss of these forests would substantially increase global 

atmospheric CO2 [Cox et al., 2000; Fung et al., 2005] and reduce biodiversity. The DSL 

is among the most important climate limitations for sustaining rainforests [Sombroek, 

2001; Sternberg, 2001; Hutyra et al., 2005; Staver et al., 2011], especially in southern 

Amazonia where rainforests are exposed to relatively long dry seasons and vulnerable to 

increasing conversion of native forests to cultivated crops [Oyama and Nobre, 2004; 

Salazar et al., 2007; Malhi et al., 2009].  The extreme droughts in 2005 and 2010 had 

strong impacts on the rainforest and its carbon cycle [Phillips et al., 2009; Lewis et al., 

2011; Saatchi et al., 2013].  These unusual events, along with possible increase of 

drought severity and DSL during the past few decades [e.g. Li and Fu, 2006; Marengo et 

al., 2011] heighten the urgency of understanding what causes these dry anomalies and 

whether they will continue into the future.  Contrary to the observed drying, some global 

climate models that previously projected strong drying over Amazonia, now project much 

weaker drying by the end of the 21st century as these models evolve [Good et al., 2013].  

Do these observed events represent the extremes of natural climate variability, or do 

climate projections underestimate potential future changes?  This study explores one 

aspect of these questions by focusing on the change of DSL. 

  

2.4. Evidence from Observations 

Raingauge data over Amazonia are sparse and generally inadequate for assessing 
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a trend in rainfall amounts.  However, the DSE over southern Amazonia is marked by a 

relatively rapid increase of rainfall on the order of 4-5 mm/day over areas of thousands of 

square kilometers during austral spring, and vice versa for the dry season arrival (DSA) 

during austral fall (March-May) [Marengo et al., 2001a; Li and Fu, 2004a].  Hence, the 

timing of the DSA and DSE should be more clearly detectable by the raingauge network 

than the change in rainfall amount. 

 The DSL and DSE are derived from the National Oceanic and Atmospheric 

Administration (NOAA) Climate Prediction Center (CPC) improved 1˚ gridded historical 

daily precipitation analysis over the Brazilian and Bolivian Amazon for the period of 

January 1978 to December 2007 (referred to as the Silva data; [Silva et al., 2007]) and the 

NOAA Climate Diagnostics Center (CDC) 1˚ gridded daily precipitation data over the 

Brazilian and other northern Amazonian countries for the period of January 1940 to 

December 2011  (referred to as the recently updated SA24 data; [Liebmann and Allured, 

2005]).  These two regional daily rainfall datasets are based on approximately 300-450 

raingauges over Amazonia [Liebmann and Allured, 2005; Silva et al., 2007] for most of 

the time since 1979, more than those included in the global daily rainfall data [Menne et 

al., 2012].  Both datasets show similar patterns of temporal variability, including their 

trends, to that obtained from the Global Precipitation Climatology Project (GPCP) 

monthly rainfall data and the Tropical Rainfall Measuring Mission (TRMM) satellite for 

the periods they overlap, although these regional raingauge based datasets show lower 

rainfall amounts compared to the satellite based GPCP and TRMM (Figure 2.1).  The 

Silva dataset [Silva et al., 2007] has fewer raingauges over the northeastern part of our 
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southern Amazonian domain (5˚-15˚S, 50˚-70˚W), whereas the SA24 dataset [Liebmann 

and Allured, 2005] does not include raingauges over the Bolivian Amazon, in the 

southwestern part of this domain.  To mitigate such differences in the areas covered by 

raingauges, we average these two rainfall datasets over each map cell for the period of 

1979-2007 when they overlap, and use SA24 for the period of 2008–2011 to form a 

merged daily rainfall datasets, referred to as the PM data.  For the period of January 1979-

December 2011, daily rainrates of the PM data are first spatially averaged over the 

southern Amazonian domain, and then temporally averaged over a 5-day period (pentad) 

to reduce synoptic noise in estimating the DSA and DSE dates.  The observed DSE is 

determined by the first date when the pentad mean rain rate changes from below to above 

the climatological annual mean rain rate of the same rainfall dataset during 6 out of 8 

pentads, and vice versa for the DSA [Li and Fu, 2004a].  This definition captures the 

rapid transition from a lower to higher rainfall regime associated with the DSE, and vice 

versa for the DSA.  The DSE and DSA are not influenced by any bias of rainfall amount, 

as long as the temporal patterns of the rainfall variation are not affected. Similar 

definitions have been widely used in the literature [Kousky, 1988; Marengo et al., 2001a; 

Li and Fu, 2004a].  For analysis of models, we modify our criterion to 5 out of 8 pentads 

to best match the modeled DSE and DSA with observations. 

 The trends are computed using a least square fit.  The confidence intervals 

and significance are determined based on the effective sample size and a t-test, following 

Santer et al. [2000].  The trend significance is further tested by the right-tailed (positive) 

Vogelsang trend test, a more conservative test for strongly auto-correlated and non-
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stationary time series [Fomby and Vogelsang, 2002].  

 

 
Figure 2.1. Seasonal mean rainrate during the dry to wet transition season (September-
November) in unit of mm/day. The Silva dataset includes raingauges over the Bolivian 
Amazon, where rainfall deficit was very strong during the 2004-2005 drought (21), but  

has fewer raingauges over the northeastern part of our southern Amazonian domain.  This 
may contributes to the lower daily rainfall in the Silva dataset during 2004 and 2005.  

The monthly Global Precipitation Climatology Project (GPCP) rainfall and the Tropical 
Rainfall Measuring Mission (TRMM) rainfall data are also included to assess the 

difference among these rainfall datasets.  GPCP daily rainfall dataset is not included 
because it shows significantly different rainfall variability from that of the GPCP monthly 

rainfall data. 
 

Figure 2.2 shows the temporal variations of the DSL, DSE, and the mean rainfall 

during the dry to wet transition in austral spring season derived from the PM dataset. The 

strong delay of the DSE in 2004 and 2005 is consistent with previous reports on the 2005 

Amazonian drought [Zeng et al., 2008; Fernandes et al., 2011].  The 2010 drought was 

mainly contributed by strong rainfall reduction in early and middle 2010, followed by a 

rapid increase of rainfall at the end of October (Figure 2.3; [Marengo et al., 2011]).  

Hence, the DSE in 2010 was not delayed.  As shown in Table 2.1, the DSL has increased 

at a rate of 1.3 ± 0.5 pentad or about 6.5 ± 2.5 days per decade for uncertainties of p < 5% 
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[Santer et al., 2000].  This increase is mainly caused by a delay of the DSE at a rate of 

0.9 ± 0.4 pentads or 4.5 ± 2.0 days per decade (p < 5%), as also evident in a decrease of 

rainfall by 0.19 ± 0.04 mm/day per decade (p < 5%) during austral spring. The more 

stringent Vogelsang test [Fomby and Vogelsang, 2002] still shows that these trends are 

significantly positive, but with uncertainty p  < 10%. This delay of the DSE in recent 

decades is consistent with that inferred from a monthly rainfall dataset [Marengo et al., 

2011], the significant trends of decreasing rainfall at two long-term raingauge stations 

located within our southern Amazonia domain [Satyamurty et al., 2010], and also a 

decrease of convective cloudiness during austral spring detected by satellites [Arias et al., 

2010]. No significant changes of the DSA and rain rate are detected (Figure 2.4). 

 

 
Figure 2.2. a) Annual time series of the DSL (red line) and DSE (blue line) dates derived 
from two regional enhanced raingauge sets over the southern Amazonian domain.  The 
unit is pentad (5-day). On the left axis, the 55th pentad corresponds to September 2nd-7th 

of the calendar date and the 70th pentad corresponds to December 10th-15th. b) Time 
series of austral spring seasonal rainfall over Southern Amazonia derived from the PM and 

GPCP datasets. The linear trend is determined by a least-square fitting.  Trends are 
significant at p<5% based on Santer et al. 2000. 
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Figure 2.3. Seasonal cycle of pentad rainrainfall for 2004, 2005 and 2010, respectively, 

derived from the SA24, Silva and TRMM daily rainfall data, respectively. 
 

The main fire season over southern Amazonia spans the period of August-

October, during the transition from dry to wet season.  A delayed DSE would prolong the 

fire season, leading to an increase of fire counts during October-November.  Thus, the 

latter measured by satellite can provide an independent verification of the former.  Figure 

2.5 shows that a delay of the DSE is correlated with fire counts in the prolonged fire 

season (the correlation coefficient for the de-trended data is R=0.83, p < 0.01, based on 

the method of [Bretherton et al., 1999]).  Similarly, the correlation coefficient for the de-

trended DSL and fire counts is 0.88, p < 0.01.  This relationship is further supported by 

an increase of the McArthur Forest Fire Danger Index (FFDI, [Golding and Betts, 2008]), 

as determined from two independent atmospheric reanalysis products, i.e., the European 

Center for Medium Range Forecast Re-analysis (ERA)-Interim [Dee et al., 2011] and the 

National Centers for Environment Prediction (NCEP) re-analyses [Kalnay et al., 1996].  

A high FFDI value represents a favorable meteorological condition for fire.  These 

consistent changes between three physically related but independently obtained variables 

lends additional support to the observed delay of the DSE.  
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Figure 2.4. a) The pentad (5-days mean) dry season arrival dates (DSA).  The 17th pentad 
is corresponding to March 26th-30th, and the 25th pentad is corresponding to April 6th-10th.  
b) Seasonal mean dry season rainrate in unit of mm/day. These variables are derived from 

the merged SA24 and Silva daily rainfall (PM) dataset. 
 

What could cause this delay of the DSE over southern Amazonia?  Previous 

studies have established that stronger convective inhibition energy (CIN) and/or a 

poleward displacement of the SJSA in austral winter are important contributors to an 

anomalously late DSE in austral spring [Fu et al., 1999; Li and Fu, 2004a; Li and Fu, 

2006]. The former increases the work required to lift air near the surface to the level of 

free convection, above which the rising air becomes buoyant.  The latter blocks cold front 

incursions from the extra-tropics that would trigger rainfall over a large area and result in 

DSE [Li and Fu, 2006].  The influence of these pre-conditions on the DSE can be altered 
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spring.  Such influences should be reduced by averaging over time, leading to more clear 

relationships between the SJSA, CIN and DSE on decadal scale than on interannual scale. 

Figure 2.6 shows that the delay of the DSE tends to occur when the SJSA is displaced 

poleward and CIN is relatively large.   Likewise, an earlier DSE tends to occur when the 

SJSA is displaced equatorward and CIN is relatively low. Strong CIN combined with 

equatorward displacement of SJSA or low CIN with poleward SJSA do not appear to cause 

delay of the DSE, presumably because they compensate each other’s effects on the DSE. 

On a decadal scale, CIN increased in the 1990s from the 1980s (p < 5%, [Hogg and 

Ledolter, 1987]).  In the 2000s, CIN increased further from its values in the 1980s and 

1990s, and SJSA becomes significantly more poleward. On an interannual scale, these 

connections between the SJSA, CIN and DSE variations are less obvious, presumably due 

to the influence on the DSE of random interannual variations of the tropical sea surface 

temperatures (SSTAs) and the Southern Annular Mode of the atmosphere (SAM) in 

spring.  

 

Table 2.1. The linear trends, confident interval and significance of the DSL and  DSE for 
the period of 1979-2011, and 1979-2005, respectively, with uncertainty less than 5% 

(p<5%) as determined by the two-tailed t-test with consideration of effective degree of 
freedom. The DSL and DSE are derived from the PM daily rainfall data and the unit is 

pentads per decade (pen/dec) and days per decade (day/dec). 
Data: DSL DSE 

PM (1979-2011) 1.3±0.5 pen/dec 
8.0±2.5 day/dec 

0.9±0.4 pen/dec 
4.5±2.0 day/dec 

 
PM(1979-2005) 

 
2.8 ±0.6 pen/dec 

 
2.3 ±0.4 pen/dec 

 14.0 ±3.0 day/dec 11.5 ±2.0 day/dec 
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What has caused the increase of CIN and poleward displacement of the SJSA? 

Most previous studies have linked change of rainfall over southern Amazonia to the 

Pacific Decadal Oscillation (PDO), changes of meridional SST gradient in the tropical 

Atlantic ocean associated with the Atlantic Multi-decadal Oscillation (AMO, [Pezza and 

Ambrizzi, 2005; Zeng et al., 2008; Fernandes et al., 2011]) and that of SJSA to the El 

Niño-Southern Oscillation (ENSO, [Pezza and Ambrizzi, 2005; Li and Fu, 2006]).  

Because the period of available rainfall data is too short to obtain significant correlations 

of these variables on a decadal scale, we evaluate the relationship between CIN, SJSA and 

the above mentioned SSTAs’ indices using their unfiltered de-trended time series for 

austral winter.  Because the results are dominated by the interannual variations, the 

correlation coefficients between AMO and CIN may be weakened by strong interference 

from ENSO compared to those that might be obtained on a decadal scale from a longer 

record.  The result indicates that CIN is marginally correlated with the PDO index (p = 

8%, [Bretherton et al., 1999]), whereas SJSA is not correlated with any of the ENSO, 

PDO and AMO indices (Table 2.2). The lack of any robust correlation is consistent with 

the facts that: (i) the SSTAs associated with ENSO, PDO and AMO are generally weaker 

in austral winter and so are their influences on atmospheric circulation compared to 

austral summer or fall [Pezza et al., 2008; Ding et al., 2011a; Chen et al., 2013]; (ii) CIN 

is influenced by soil moisture anomalies, vegetation root depth and lower troposphere 

temperature. Hence, any relationship with SSTAs is likely to be complex and non-linear.  
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Figure 2.5. The DSE (unit: pentad) versus FFDI (green squares, units: non-dimensional) 

and fire count (red circles, unit: number of pixels) in October and November for the 
period of 2000-2011.  The 45th pentad corresponds to August 16th-20th and the 70th pentad 
corresponds to December 10th-15th.  The observed DSE date versus fire counts are derived 
from the raingauges (SA24) and the Moderate Resolution Imaging Spectroradiometer 

(MODIS) fire count data.  FFDI is first derived from the ERA-Interim and NCEP 
reanalysis, respectively, and then averaged to obtain its values shown in the figure. 

 

Could the decadal phase change of PDO and AMO qualitatively explain the 

change of CIN and SJSA? The PDO has been decreasing since the 1990s and became 

overall negative during 2000s.  Such a change would not explain a poleward shift of SJSA 

[Pezza et al., 2008] and an increase of CIN over southern Amazonia.  AMO has shown a 

positive trend since 1979. However, the correlation between AMO and CIN is 

insignificant.   Thus, natural interannual and decadal oceanic variability cannot be used to 

explain the changes of CIN and SJSA during the last few decades. 
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Figure 2.6. DSE date as a function of the latitudinal location of the SJSA and CIN in 

austral winter over southern Amazonia for the period of 1979-2011.  DSE is derived from 
the PM rainfall data.  CIN and SJSA are first calculated using the inputs from ERA-Interim 

and NCEP reanalysis, respectively, then averaged to obtain the values shown in this 
figure. The “triangle”, “square” and “diamond” symbols denote decadal means for 1980s, 

1990s and 2000s.  The error bars on these symbols represent the standard errors with 
uncertainties of p < 5%.  

 

Could greenhouse effect forced changes explain the increase of CIN and poleward 

shift of SJSA?  Previous studies have established that the observed decreasing atmospheric 

temperature lapse rate and increasing surface temperature over the tropics during the past 

several decades are consistent with the “finger print” of the greenhouse effect [Santer et 

al., 2008].  Over Amazonia, surface relative humidity has been decreasing due to an 

increase of surface temperature over the past few decades [Dai, 2006b].  These changes 

could increase CIN, especially during winter (dry season) when the surface air humidity 

cannot increase proportionally with temperature.   
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Table 2.2. Correlation coefficients between the DSE dates, CIN, the SJSA, and the 
unfiltered de-trended SST indices during June-August for the period of 1979-2011. 

 PDO (JJA) AMO (JJA) NINO3 (JJA) NINO4 (JJA) 

Dry season 

ending date 

  0.46 0.4 

CIN (JJA) -0.31 0.22 -0.13 -0.26 

SJ (JJA) 0.25 -0.02 -0.06 -0.16 

Values in blue represents significant correlation with uncertainty of p<5% based on the 
Student T-test (auto-correlation is removed). The values in black represent significant 

correlation with uncertainty of p<10%.  Correlation coefficients fail to meet p<10% are 
not shown. 

 

The poleward shift of SJSA can be contributed by both a globally poleward shift of 

the southern hemisphere subtropical jets (SJSH) and by the atmospheric planetary wave 

response to warm SSTAs over the central Pacific that is distinctively different from those 

induced by the ENSO and PDO [Deser and Phillips, 2009; Ding et al., 2011a].  In austral 

winter, the former is attributed to have been forced by the increase of greenhouse gases 

[Lu et al., 2007; Deser and Phillips, 2009], whereas the trend of the latter to have been 

forced by the warming of the central Pacific and Indian oceans in turn forced by 

greenhouse gases [Ding et al., 2011a].  The depletion of Antarctic ozone gives an 

important contribution to the poleward shift of SJSH in austral summer and fall, but not in 

the winter season. It peaks in the middle stratosphere during austral spring [Thompson et 

al., 2011] and its influence on atmospheric circulation propagates downward to the upper 

troposphere to influence the SJSH during austral summer. But after the ozone hole 

recovers in austral fall, its effect becomes negligible for the austral winter [Thompson et 

al., 2011]. Hence, the observed changes of CIN and SJSA appear to be broadly consistent 
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with those expected from forcing by greenhouse warming.  

 

Table 2.3. Description of the climate models that participated in the IPCC AR5 used in 
this study. The available ensembles are referred to the historical simulations of each 

model. 
Model (Fig 

marker) 

Institute (Country) Available 

Ensembles 

Components (Resolutions) Calendar 

CCSM4 

(A) 

National Center for 

Atmospheric 

Research (USA) 

6 F09_g16 (0.9×1.25_gx1v6) No leap 

GFDL-CM3 

(B) 

NOAA/Geophysical 

Fluid Dynamics 

Laboratory (USA) 

5 Atm: AM3 (2.0° lat ×2.5° lon) 

Ocn: MOM4.1 (1.0° lat ×1.0° 

lon, enhanced tropical 

resolution: 1/3 on the equator) 

No leap 

GFDL-ESM2M 

(C) 

NOAA/Geophysical 

Fluid Dynamics 

Laboratory (USA) 

1 Atm: AM2 (AM2p14, 

M45L24) 

Ocn: MOM4.1 (1.0° lat ×1.0° 

lon, enhanced tropical 

resolution: 1/3 on the equator) 

No leap 

GISS-E2-H 

(D) 

NASA/Goddard 

Institute for Space 

Studies (USA) 

5 Atm: GISS-E2 (2.0° lat ×2.5° 

lon) 

Ocn: H 

No leap 

GISS-E2-R 

(E) 

NASA/Goddard 

Institute for Space 

Studies (USA) 

5 Atm: GISS-E2 (2.0° lat ×2.5° 

lon) 

Ocn: R 

No leap 

HadGEM2-CC 

(G) 

Met Office Hadley 

Centre (UK) 

3 Atm: HadGAM2 (N96L60) 

Ocn: HadGOM2 (Lat: 1.0-0.3 

Lon: 1.0 L40) 

360 d/y 

HadGEM2-ES 

(H) 

Met Office Hadley 

Centre (UK) 

 

4 Atm: HadGAM2 (N96L38) 

Ocn: HadGOM2 (Lat: 1.0-0.3 

Lon: 1.0 L40) 

 

360 d/y 

MPI-ESM-LR 

(I) 

Max Planck Institute 

for Meteorology 

(Germany) 

3 Atm: ECHAM6 (T63L47) 

Ocn: MPIOM (GR15L40) 

Gregorian 
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Land use can reduce land surface latent fluxes, and biomass burning aerosols can 

stabilize the atmospheric temperature stratification and weaken the dry-to-wet season 

transition [Zhang et al., 2008; Bevan et al., 2009; Costa and Pires, 2010; Lee et al., 

2011].  Both could contribute to the delay of the DSE.  However, long-term raingauges 

and satellite observations show more clear decrease of rainfall and high clouds over the 

southwestern and northeastern parts of the southern Amazonia where land use and fire are 

less prevalent than those over the “Fire Arch” in southeastern southern Amazonia [Arias 

et al., 2010; Satyamurty et al., 2010].  Furthermore, the DSE did not change before or 

after the 1991 Mount Pinatubo eruption (Figure 2.2).  Thus, what influence biomass 

burning, aerosols and land use have on the observed delay of the DSE remains unclear, 

beyond that they do not appear to be the dominant cause.   

 

2.5. Comparison to Climate Models 

Attributing the changes of DSE, CIN and SJSA to anthropogenic climate change 

and projecting their future changes requires creditable climate models.  Hence, we 

evaluate the fifty simulations provided by eight global climate models that participated in 

the IPCC AR5 based on the availability of their daily outputs of rainfall and other needed 

climate variables.  These models are identified along with relevant information in the 

methods section and Table 2.3.  The changes from the historical simulations of the global 

climate models that participated in the IPCC AR5 are expected to be a result of random 

natural climate variability and appropriate anthropogenic and external forcing. If these 

models were perfect and the numbers of simulations were sufficient to generate a full 
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spectrum of climate variability, one or more of these simulations would have captured the 

observed changes. Thus, the discrepancies between the models and observations should 

be caused either by under-sampling of the possible changes due to insufficient number of 

simulations, models errors, or both.  Because the IPCC AR5 historical simulations end in 

2005, we compare the observed changes for the period of 1979-2005 to the modeled 27-

year changes in Figure 2.7.  The trend distribution of the simulations of natural variability 

is generated by 158 samples that represent non-overlapped 27-year changes from a total 

of 4266 years of simulation by multiple climate models.  These simulations represent 

climate variability of the DSE changes for up to a few thousand years return period, and 

thus should adequately represent the range of the DSE natural variability for the time 

scale relevant to this study. The historical simulations by the eight climate models 

provide 40 samples of non-overlapped 27-year changes for the period from mid-19th 

century to 2005 and the climate projections under the Representative Concentration 

Pathway 8.5 scenario (RCP8.5, 51) provide 38 samples of the non-overlapped 27-year 

changes for the period from 2006 up to 2299.  Their ranges of the probability 

distributions are comparable to those represented by 158 samples of the natural 

variability simulations, despite their smaller number of samples.  Thus, the differences 

between the statistical distribution of modeled changes and those observed should be 

mainly due to models’ uncertainty, instead of due to under sampling of the climate 

variability. 
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Figure 2.7. Distribution of the non-overlapped 27-Year trends of the DSE generated by 
the natural variability simulations (Blue), historical simulations (Green) and projections 

of future changes under the RCP8.5 scenario (red), respectively.  The top 5% of the 
modeled trend samples are marked by blue, green and red vertical dashed line for the 

natural variability, historical simulations, and RCP8.5 scenario, respectively. The 
observed 27-year trend and confidence interval with uncertainties of p < 5% are marked 
by the black dot and horizontal bar in the upper-right corner and they are derived from 

the PM daily rainfall data following method of Santer et al. 2000. 
 

Figure 2.7 shows that all the changes of the DSE during 27-year periods modeled 

by the natural climate variability, the historical simulations, and the RCP8.5 future 

scenario are significantly smaller than those observed, although the occurrences of 

delayed DSE trends increase with anthropogenic climate change.  For example, the 

historical simulations, with realistic anthropogenic forcing, show an increased frequency 

of delayed trends of the DSE compared to those of the natural variability scenario, and 

more so for the RCP8.5 future scenario.  However, these simulations do not produce any 

trends that are comparable to the large observed trend.  The RCP8.5 scenario assumes 

that by 2100 the global anthropogenic radiative forcing would reach 8.5 Wm-2 and that 

the atmospheric CO2 concentration would become approximately 1360 ppm. Yet, the 

projected DSE changes are still significantly smaller than the observed DSE delay during 
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the past 27-year period (with the uncertainty of p < 5%, Figure 2.7). Because the change 

of the DSE dominates that of the DSL, the simulated and projected DSL changes are also 

significantly smaller than that observed (Figure 2.8).  

 

  
Figure 2.8. Distribution of the non-overlapped 27-Year trends of the DSL generated by 
the natural variability simulations (Blue), historical simulations (Green) and projections 

of future changes under the RCP8.5 scenario (red), respectively.  The top 5% of the 
modeled trend samples are marked by blue, green and red vertical dashed line for the 

natural variability, historical simulations, and RCP8.5 scenario, respectively. The 
observed 27-year trend and confidence interval with uncertainties of p < 5% are marked 
by the black dot and horizontal bar in the upper-right corner and they are derived from 

the PM daily rainfall data following method of Santer et al. 2000. 
 

Why is there such a large discrepancy between modeled and observed changes of 

the DSE?  Either the observed change of DSE during 1979-2005 represents an extremely 

large swing from natural variability with a return period greater than four thousand years, 

or the climate models underestimate the natural and forced climatic variability of the 

DSE.  To explore the possibility of the latter, we show in Figure 2.9 that no model could 

reproduce the observed relationship between the changes of DSE, SJSA and CIN in any of 

their historical simulations. The majority of the simulations show much weaker changes 
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of SJSA and CIN. These biases are consistent with the underestimation of SJSH variability 

reported in the literature [Lu et al., 2007] and the overestimation of the influences of the 

Pacific and Atlantic Intertropical Convergence Zones (ITCZs) on Amazonia dry season 

rainfall [Yin et al., 2012]. The latter would undermine land surface feedback and reduce 

the sensitivity of the CIN to land surface warming and drying. Thus, the comparisons 

between historical simulations and observations suggest that the climate models 

evaluated in this study probably underestimate the sensitivity of the DSE, SJSA and CIN 

to climate variability and anthropogenic change, and that they could in turn underestimate 

potential future changes of the DSE and DSL over southern Amazonia (Figure 2.7, 

Figures 2.8 and 2.10).  

 
Figure 2.9. Distribution of the DSE trends (color shades) as a function of the trends of 
the SJSA (y-axis) and CIN (x-axis) in austral winter for the period of 1979-2005 derived 

from the observations (red square) and historical simulations of the eight IPCC AR5 
models (circles).  The character in the center of each circle indicates the model’s name 

shown in Table 2.3.   The ensemble mean of the eight models are indicated by the 
diamond symbol.   
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Figure 2.10. Projected changes of DSE (color shades), as a function of the changes of the 
SJSA (y-axis) and CIN index (x-axis) for the period of 2073-2099 under the RCP8.5 

scenario relative to those of 1979-2005 provided by the historical simulations by the eight 
climate models.  The model A overlap with the multi-model ensemble projection 

(diamond) color scale of the DSE change is indicated by the color bar to the right in unit 
of pentad. 

 

2.6. Implications 

This study suggests that the IPCC AR5 models may underestimate the variability 

of the DSE (Figure 2.7) and DSL (Figure 2.8) over southern Amazonia, and their 

sensitivity to the natural variability and anthropogenic forcing of the climate system.  

These biases could lead to an underestimate of the potential future climatic drying over 

southern Amazonia.  On the other hand, one cannot simply extrapolate the observed 

changes to the future.  Hence, we do not know how the DSL and DSE will change in the 

future without knowing what has caused their past changes.  However, a risk of a future 

larger increase of DSL and delay of DSE does appear to be nonzero, as implied by its 

connection to the apparent influence of greenhouse forced climate change on the CIN and 



 30 

SJSA.  Although its risk is highly uncertain, such a future increase of the DSL would have 

strong impacts on southern Amazonia were it to occur.  For example, if we assume that 

the DSL were to increase at half of the rates we observed during 1979-2011, the DSL 

would be about 1±1/3 month longer by 2090 than that in the 2000s.  Consequently, the 

long DSL and fire season that comprised the 2004-2005 drought would become the new 

norm (Figure 2.5).  Given the observed slow recovery of the rainforests after the 2005 

drought [Saatchi et al., 2013], these changes could greatly increase the danger of a 

transition from a rainforest to a savanna regime over southern Amazonia [Hoffmann et 

al., 2003; Oyama and Nobre, 2004; Malhi et al., 2009], especially with the longer DSL 

coupled to the higher surface temperatures and more fragmented forests expected in the 

future [Soares-Filho et al., 2006; Salazar et al., 2007; Malhi et al., 2009], and even 

accounting for the increase of dry season resilience of the rainforest in an elevated CO2 

environment [Good et al., 2013]. Given such potential impacts on the global and regional 

carbon cycle and biodiversity, the large uncertainty in determining future changes of the 

DSL and DSE shown by this study highlights the importance and urgency of better 

monitoring and understanding the changes of the dry season over southern Amazonia.  In 

addition to the impact of global climate forcing, the roles of regional biomass burning 

and land use on the DSL over southern Amazonia also need to be clarified. 

 

2.7. Datasets and Methods 

 CIN, the SJSA and FFDI are all derived from the ERA-Interim and the NCEP re-

analyses. CIN in Figure 2.6 is computed from 6-hour temperature, humidity and 
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geopotential height profiles. In Figure 2.7, a CIN index [Myoung and Nielsen-Gammon, 

2010] is used because the models do not provide the instantaneous temperature and 

humidity profiles needed for computing CIN.  The latitude of the SJSA is determined by 

the equatorward latitudinal location of the 28 m s-1 monthly zonal wind contour at 200 

hPa between 30°-90°W.  This index most consistently captures the latitudinal variation of 

the SJSA associated with tropical meridional circulation changes in the two reanalysis 

products, although the use of other similar zonal wind indices does not change the 

variations of the SJSA.  The variation of SJSA based on this index is consistent with those 

determined by the zero stream-function in latitudinal-height space and the 250 W m-2 

Outgoing Longwave Radiation Contour [Hu and Fu, 2007] used in literature to describe 

changes of global subtropical jets.  The FFDI [Golding and Betts, 2008] is computed as  

𝐹𝐹𝐷𝐼 = 1.275𝐷!.!"#𝑒
!

!".!"!"!
!

!".!"##!
!

!".!"#  

𝐷 =
0.191(𝐼 + 104)(𝑁 + 1)!.!

3.52(𝑁 + 1)!.! + 𝑅 − 1  

where T is the daily maximum temperature (˚C), H is the daily minimum relative 

humidity (%), W is the daily mean wind speed at 10-m (km/h), N is the number of days 

since the last rain, R is the total rainfall (mm) in the most recent 24 hours with rain and I 

is the total rainfall (mm) needed to restore the soil moisture content to 200 mm.  These 

inputs are provided by the six-hour outputs from the ERA-Interim and NCEP reanalysis.  

Fire count is obtained from the MODIS on board the National Aeronautics and Space 

Administration (NASA) aqua satellite ([Giglio, 2010], ftp://fuoco.geog.umd.edu).   

 The AMO index is obtained from http://www.esrl.noaa.gov/psd/data/ 
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timeseries/AMO/.  The PDO index is obtained from http://jisao.washington.edu/ 

pdo/PDO.latest.  The Niño3 and Niño4 indices are obtained from 

http://www.esrl.noaa.gov/psd/data/climateindices/list/. 

 Eight of the climate models that participated in the IPCC AR5 are used in this 

study based on availability of the daily outputs of precipitation and other needed climate 

variables.  These models are the National Center For Atmospheric Research Community 

Climate System Model Version 4 (CCSM4), the NOAA Geophysical Fluid Dynamics 

Laboratory Climate Model Version 3 (GFDL-CM3) and the Earth System Model (GFDL-

ESM2M), The NASA Goddard Institute for Space Studies (GISS)–E2-H and GISS-E2-R 

models, the United Kingdom Met Office Hadley Center (HadGEM2-CC, HadGEM2-ES) 

models, and the Max Planck Institute for Meteorology (MPI-ESM-LR) model.  All the 

model output and observational datasets are re-mapped to the 2.5˚ latitude and longitude 

grids when they are compared to each other in Figures 2.6 and 2.7.  A brief summary of 

model resolutions and available ensembles simulations and sources of the models are 

provided in Table 2.3. 
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CHAPTER III 

WHAT CONTROLS THE INTERANNUAL VARIATION OF THE 

WET SEASON ONSETS OVER THE AMAZON?2 

 

3.1. Abstract 

Previous studies have established that Sea Surface Temperature anomalies 

(SSTAs) in the tropical Pacific and Atlantic are the main forcing of the interannual 

variation of the wet season onsets (the same definition as the dry season ending in 

Chapter Two) in the Amazon.  However, this variation appears to be complex and not 

uniquely determined by SSTAs.  What causes such a complexity and to what extent the 

interannual variation of the wet season onsets is predictable remain unclear.  This study 

suggests that such a complex relationship is the result of several competing processes, 

which are non-linearly related to the SSTAs.  In particular, three dry season conditions 

are crucial for determining interannual variation of the wet season onset.  (i) A poleward 

shift of the Southern Hemisphere Subtropical Jet (SHSJ) over the South American sector, 

initiated from a wave train-like structure possibly forced by South-central Pacific SST 

patterns, can prevent cold frontal systems from moving northward into the Amazon.  This 

delays cold air incursion and results in late wet season onset over the southern Amazon.  

(ii) An anomalous anticyclonic center, which enhances westerly wind at 850 hPa (U850) 
                                                
2Substantial portions of this chapter were previously published in Yin, L., R. Fu, Y.F. Zhang, P.A. Arias, 
D.N. Fernando, W. Li, K. Fernandes, and A.R. Bowerman (2014), What controls the interannual variation 
of the wet season onsets over the Amazon? J Geophys Res-Atmospheres, doi:10.1002/2013JD021349.  
L.Y., and R.F. designed research; L.Y., and Y.F.Z. performed research; P.A.A., D.N.F., W.L., K.F., and 
A.R.B. contributed discussion and revisions; and L.Y., and R.F. wrote the paper.  The Reference section 
contains full citations for all articles referenced here. 
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over the southern Amazon and also the South American Low Level Jets (SALLJs), 

leading to moisture export from the southern Amazon to La Plata basin and reduce 

convective systems that provide elevated diabatic heating. (iii) Smaller convective 

available potential energy (CAPE) limits local thermodynamically driven convection.  

Based on the stepwise and partial-least-square (PLS) regressions, these three selected pre-

seasonal conditions (Niño 4, SHSJ, and CAPE) can explain 57% of the total variance of 

the wet season onset. 

 

3.2. Introduction 

Interannual variation of the wet season onsets in the Amazon has a strong impact 

on the ecosystem services of rainforests, fire risk, river levels, and small-scale agriculture 

nearby river banks, and significantly contributes to interannual variations of global 

atmospheric carbon dioxide concentration [Cochrane et al., 1999; Sombroek, 2001; 

Friedlingstein et al., 2006; Asner, 2009; Ackerley et al., 2011; Chen et al., 2011; Lee et 

al., 2011].  Most previous studies identify the El Niño-Southern Oscillation (ENSO) and 

Atlantic SST anomalies (SSTAs) as the primary forcing of interannual variability of dry 

season rainfall and the following wet season onset over the Amazon [Kousky et al., 

1984a; Liebmann and Marengo, 2001a; Marengo et al., 2001a; Yoon and Zeng, 2010; 

Fernandes et al., 2011; Marengo et al., 2011].  However, the influence of oceanic forcing 

on onset dates is complex and not sufficiently robust enough for predicting the wet 

season onsets [Liebmann and Marengo, 2001a].  How can we improve our understanding 

on what controls the interannual variability of the wet season onset in the Amazon 
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beyond its linear relationship with ENSO and Atlantic SSTAs?  This study aims to 

synthetically explore the most critical pre-seasonal conditions for interannual variability 

of the wet season onset over southern Amazonia. 

Previous studies have suggested that the wet season onset in the southern Amazon 

is initiated by increased evapotranspiration (ET) [Fu et al., 1999; Li and Fu, 2004a; Li et 

al., 2006] as a result of the rainforest’s response to a seasonal increase of solar radiation 

[Myneni et al., 2007].  Increased ET provides moisture into the atmospheric boundary 

layer, and reduces convective inhibition (CIN).  The passage of cold fronts propagated 

from the extratropics lifts moist and warm surface air over southern Amazonia, triggering 

deep convection over a large spatial area [Li and Fu, 2006].  The elevated diabatic 

heating produced by deep convection, together with the southward migration of the 

warmest Atlantic SSTs, drives the reversal of the cross-equatorial flow and increases 

moisture transport from the Atlantic Ocean to the Amazon [Wang and Fu, 2002].  The 

latter accelerates the moistening of the lower troposphere and provides more water vapor 

for a further increase of rainfall.  Large-scale deep convection associated with frequent 

incursions of extratropical cold frontal systems converts convective available potential 

energy (CAPE) in the lower troposphere to kinetic energy in the upper troposphere, spins 

up the anticyclonic circulation around the Bolivian High, and results in wet season onsets 

[Lenters and Cook, 1997; Li et al., 2006]. 

 Interannual variation of the wet season onset in the Amazon appears to be 

influenced by changes in these factors.  For example, an anomalously high land surface 

Bowen ratio during the preceding dry season would delay the subsequent wet season 
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onsets in the southern Amazon [Fu and Li, 2004]. Changes of cross-equatorial moisture 

transport could influence convection and thus the wet season onset [Rao et al., 1996; 

Marengo et al., 2001a].  Weak and infrequent extratropical cold front incursions during 

the transition season also contribute to a delay of the wet season onsets [Li et al., 2006].  

However, the relative importance of these changes and the mechanisms by which the 

interactions between these processes contribute to the complexity of the relationship 

between ENSO and Atlantic SSTAs and the wet season onset over the southern Amazon 

remain unclear. 

How do ENSO and Atlantic SSTAs influence these processes?  Previous studies 

have shown that El Niño, warmer SST in the northern tropical Atlantic, or cooler SST in 

the southern Atlantic, and the Atlantic Multi-decadal Oscillation (AMO) could reduce 

moisture transport and increase atmospheric stability over the Amazon [Marengo, 1992; 

Chiang and Sobel, 2002; Neelin, 2003; Marengo et al., 2008; Zeng et al., 2008; Arias et 

al., 2010], and biases in these SSTAs have been shown responsible for dry biases over 

Amazonia in some global climate models [Yin et al., 2012].  However, only some of the 

El Niño and southern tropical Atlantic cooling events are actually linked to a delay of the 

wet season onset, whereas other events show no impact on the wet season onsets [Fu and 

Li, 2004; Marengo et al., 2010].  How do these remote oceanic forcings influence the 

land surface Bowen ratio, the atmospheric thermodynamic structure, and incursions of 

the extratropical frontal systems within Amazonia during the transition seasons, are still 

not adequately understood.  These processes may respond to SSTA nonlinearly.  For 

example, the Amazon rainforests can draw water from soil layer as deep as 14-18 meters 
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through their deep roots and efficient hydraulic lifting [Nepstad et al., 1994; Oliveira et 

al., 2005]. Thus, photosynthesis and evapotranspiration (ET) can increase with solar 

radiation during the early transition season, even during moderate droughts induced by 

ENSO [Juarez et al., 2007].  In this case, the ENSO influence would be mitigated by the 

deep root system of the rainforest.  The frequency and intensity of cold front incursions 

into the Amazon is not only influenced by ENSO and PDO [Vera et al., 2002; Vera et al., 

2004; Grassi et al., 2012], but may also be influenced by southern Atlantic SSTs, 

Antarctic Oscillation (AO) [Garreaud, 2000], radiative forcing by greenhouse gases 

[Deser et al., 2010], and biomass burning [Zhang et al., 2009]. 

In this paper, we investigate the relative importance of Pacific and Atlantic 

SSTAs, moisture transport, extratropical cold air incursion, convective conditions, and 

land surface conditions in determining the interannual variability of the wet season onset 

over the southern Amazon.  In a companion paper, we highlight the significant change of 

the wet season onset during the past decades using the same raingauge data sets [Fu et 

al., 2013]. 

 

3.3. Data and Methodology 

3.3.1. Datasets 

The rainfall datasets used in this study are the National Oceanic and Atmospheric 

Administration (NOAA) Climate Prediction Center (CPC) improved 1° gridded historical 

daily precipitation product for Brazil from 1948 until 2007 (referred as Silva) [Silva et 

al., 2007] and the NOAA Climate Diagnostics Center (CDC) 1° gridded daily 



 39 

precipitation product for Brazil and some other adjacent countries from 1940 until 2011 

(updated and referred as SA24) [Liebmann and Allured, 2005].  Prior to 1979, too few 

stations were available over Amazonia to obtain relatively reliable rainfall climatology.  

Starting from 1979, there were more than 200 rain gauge stations over the Amazon 

[Liebmann and Allured, 2005].  Thus, we select the period from 1979 to 2007.  The study 

region, southern Amazonia, is defined as a rectangular area of 70°W-50°W and 15°S-5°S. 

 

 
 

Figure 3.1. The annual cycle of precipitation averaged over the southern Amazon (70°W-
50°W, 15°S-5°S) during 1979-2011 (SA24) and 1979-2007 (Silva).  The dates and the 

pentad number (in parenthesis) are shown as x-axis.  The shading areas represent ±  of 
the interannual variation of rainfall for each data set. 

 

On one hand, SA24 data lacks spatial coverage in the southwestern part of the 

1σ
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southern Amazon [Liebmann and Allured, 2005] while Silva data has included raingauges 

in the region [Silva et al., 2007].  On the other hand, SA24 data has frequent updates for 

the number of stations included and covers longer period.  Therefore, for the time period 

of 1979 to 2007, we average the two data sets at each time step; we only use SA24 from 

2008 to 2011. The generated data is referred as PM.  Since the two data sets both cover the 

time period of 1979-2007, we do the analysis only based on this period for PM data. 

Figure 3.1 shows the annual cycle of the pentad precipitation from the two rain 

gauge data sets.  Generally, SA24 and Silva are consistent with each other, showing clear 

rainfall seasonality over the southern Amazon, with rain amount of 8-10 mm/d in the wet 

season and 0-4 mm/d in the dry season. 

Outgoing Longwave Radiation (OLR) is an indicator of cloud amount over the 

tropics and it has been used to detect the dry season length [Kousky et al., 1984a].  The 

NOAA interpolated OLR product provided by the NOAA/OAR/ESRL/PSD is a daily 

gridded dataset constructed using spatial and temporal interpolation from June 1974 to 

the present [Liebmann and Smith, 1996].  Given sparse sampling of the raingauges and 

impacts of strong convection on the daily mean OLR estimates, we do not look at the 

daily-scale changes of this data.  Instead, it provides an alternative way for the spatial 

pattern of the dry season length in the southern Amazon. 

NOAA Extended Reconstructed SST (ERSST) v3b analysis from 1854 to present 

derived from International Comprehensive Ocean-Atmosphere Data Set (ICOADS) 

dataset, where missing values are filled in by statistical methods [Smith et al., 2008].  It is 

used to calculate the tropical Atlantic SSTA gradient (AtlG), defined as the difference 
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between north tropical Atlantic SSTA (NTA) and south tropical Atlantic SSTA (STA).  

Niño 3 and Niño 4 indices are obtained from 

http://www.cdc.noaa.gov/data/climateindices/list/.  AMO index is from 

http://www.cdc.noaa.gov/data/timeseries/AMO.  PDO index is from 

http://jisao.washington.edu/pdo/. 

Zonal wind, meridional wind, geopotential height, specific humidity, and surface 

sensible and latent heat fluxes from NCEP/NCAR reanalysis [Kalnay et al., 1996] are 

used.  NCEP/NCAR has heating profiles in remarkable agreement with ERA40 over 

tropical South America, which implies that precipitation rate from heating diagnosis of 

the two reanalysis data sets is similar to the station and satellite measurements [Chan and 

Nigam, 2009].  Clarke et al. [2010] also found that NCEP/NCAR and ERA40 do 

reasonably well in reproducing the rain gauge-observed mean dry season length 

compared with rain gauge network over the Amazon basin, suggesting that the reanalyses 

may be suitable for studying interannual variability.  Therefore, using NCEP/NCAR 

reanalysis to calculate certain dry season factors is appropriate. 

Latent heating estimates for precipitation derived from Tropical Rainfall 

Measurement Mission (TRMM) products available from 1998 to 2010 are also used to 

determine the dominant rainfall type in the dry season over Amazonia and to verify its 

consistency with anomalous CIN derived from reanalysis.  The convective profile is 

dominated by heating throughout the whole troposphere whereas the stratiform profile is 

assumed to be positive above the climatological 0 K level and negative below 

[Schumacher et al., 2004].  The derivation, description, and interpretation of this data are 
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well documented in previous studies [Schumacher et al., 2004; Shige et al., 2004]. 

 

3.3.2. Methodologies 

The method to find the wet season onset dates using the pentad precipitation data 

sets is adapted from Li and Fu [2004a].  We set up three criteria to determine the onset 

pentad number: (i) at least 6 out of 8 pentads before the date in which rainfall is lower 

than the climatological mean; (ii) at least 6 out of 8 pentads after the date in which 

rainfall is higher than the climatological mean; and (iii) rainfall in the date is higher than 

or equal to the climatological mean.  We calculate the onset dates for every single year.  

The comparisons of different methods defining the onsets have also been discussed in Li 

and Fu [2004a]. 

Since the change of the wet season onsets significantly contributes to the change 

of the dry season length [Fu et al., 2013], we further look at the spatial patterns of the dry 

season lengths (Figure 3.2) from NOAA OLR product (method from Kousky [1988]) and 

PM data (method from Li et al. [2006]).  Both patterns clearly show the increase of dry 

season length from the northwest to southeast Amazon.  Since the spatial pattern of the 

OLR is dominated by those of cirrus and anvil clouds [Mitchell and Finnegan, 2009], it is 

smoother than that from the PM data. 
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Figure 3.2. The mean dry season lengths in the southern Amazon derived from NOAA 
OLR and PM data. The unit is number of pentads. 

 

The southern hemisphere subtropical jet (SHSJ), which forms the southern 

boundary of the Hadley cell, is crucial for cold air incursions to the Amazon.  Lower 

troposphere convergence is introduced by the leading edge of cold air masses, which 

triggers the wet season onsets [Li and Fu, 2006].  The influence of cold frontal systems 

on precipitation in South America is well documented in previous studies [Kousky, 1979; 

Garreaud, 1999; 2000; Vera and Vigliarolo, 2000; Vera et al., 2002; Siqueira et al., 

2005].  The occurrence of cold air incursions is mostly frequent between 5°S and 20°S 

during the transition season from dry to wet conditions [Machado et al., 2004].  

Climatologically, the cross-barrier flow at the crest of the Andes is just under the SHSJ 

axis and the presence of a SHSJ entrance region coincides with downward (upward) 

motion on the poleward (equatorward) side of the jet [Garreaud, 1999].  A poleward shift 

of the SHSJ observed during recent decades [Fu and Lin, 2011; Kang et al., 2011] would 

reduce the equatorward incursion of cold frontal systems into the Amazon.  The latitude 

OLR

 

 

25 30

30

35

35

3535

40

40

40

Pentads

70W 65W 60W 55W 50W
15S

10S

5S

15

20

25

30

35

40

45
PM

 

 20

25

25

25
3030

30 35

35
35

35

3540
40

40 40

4040

45

Pentads

70W 65W 60W 55W 50W
15S

10S

5S

15

20

25

30

35

40

45



 44 

where 200 hPa zonal wind averaged along the Eastern Pacific-South American sector 

(100°W-50°W) equals 30 m/s on the equator side is defined as the SHSJ position. 

The local convective conditions, represented by CAPE and CIN, are defined as 

the accumulated buoyant energy from the level of free convection (LFC) to the limit of 

convection and the accumulated negative buoyant energy from parcel start point to the 

LFC, respectively, as in [Fu et al., 1999].  Bowen ratio (BR) is defined as the ratio of 

sensible heat flux to latent heat flux, and is used to quantify the surface heat conditions 

[Bowen, 1926]. 

 All the correlation coefficients are computed based on de-trended time series, and 

their significances are estimated based on the effective number of freedom following 

Bretherton et al. [1999]. 

 

3.3.3. Identifying the Pre-seasonal Conditions Associated with the Early and Late Wet 

Season Onsets over Southern Amazonia 

The events of the late and early wet season onsets are selected based on the time 

series of the onsets using PM data (Figure 3.3a).  The dashed lines show the departure 

from one standard deviation (1σ) of the onset dates.  Early onsets are defined when the 

onset pentad is earlier than 1σ relative to the mean, while late onsets are defined when the 

onset pentad is later than 1σ from the mean.  Specifically, early onsets are no later than 

Oct 8-12 (57th pentad) and late onsets are no earlier than Nov 7-11 (63th pentad). Based 

on this criterion, we select five early onset years (1981, 1985, 1986, 1988, and 2006) and 

six late onset years (1994, 1995, 1997, 2002, 2004, and 2005).  One should notice that 
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rainfall does not significantly change over 1990s compared to 1980s (not shown), 

suggesting the delay of the onsets does not simply depend on the drying or decadal 

variability of the Amazon rainfall under global warming. 

 

 

 

Figure 3.3. (a) The time series of the wet season onsets from SA24 (red), Silva (blue), 
and PM data sets (black) averaged over the southern Amazon (70°W-50°W, 15°S-5°S).  

The black line is the same as the blue line of Figure 1 in Fu et al. [2013].  (b) Composite 
time series of precipitation from PM data.  The vertical dotted line represents the defined 
initiation of the wet season.  The black line is for 1979-2007, the green line is for early-
onset years, and the magenta line is for late-onset years.  The shading areas represent ±

 of the interannual variation. 
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period, early-onset years, and late-onset years.  The onset date is consistent with a sudden 

increase of rainfall.  The dip, interestingly seen in the five pentads prior to the onset of 

the late-onset years, may result from inadequate cold air incursions or stable 

thermodynamic conditions [Li and Fu, 2006].  The similar rainfall amounts in wet and 

dry seasons for the two composites suggest the interannual variation of the onsets is not 

simply due to persistence of rainfall anomalies, and dry season and wet season rainfall 

does not show a clear in-phase change (not shown). 

 

 
 

Figure 3.4. The composite pattern of SSTs in July between the late and early wet season 
onset years.  Significant difference based on one-way ANOVA test is shown in shading 

areas.  The boxes represent the domains for Niño 3, Niño 4, NTA, and STA. 
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Figure 3.5. The composite pattern of August (a) 850 hPa wind (vector) and relative 

vorticity (shaded) and (b) 200 hPa zonal wind (contour) and relative vorticity (shaded) 
between the late and early wet season onset years (left) and 200 hPa zonal wind averaged 
between 100°W and 50°W for early and late onset composites (right).  The latitude where 
200 hPa zonal wind averaged along the Eastern Pacific-South American sector (100°W-

50°W) equals 30 m/s on the equator side is defined as the SHSJ position.  The boxes 
represent the domains for VI and U850 (the southern Amazon). 
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Table 3.1. A list of selected dry season factors (July for SSTA and August for others). 
Category Factor Variables Domain 

Oceanic 
Variability 

Niño 3 

Sea surface 
temperature 

150°W-90°W, 5°S-5°N 

Niño 4 200°W-150°W, 5°S-5°N 

AMO Oceanic area, 78°W-10°E, 0°-70°N 

PDO Leading PC, North Pacific, poleward 
of 20°N 

AltG 60°W-30°W, 5°N-25°N and 30°W-
0°, 25°S-5°S 

Atmospheric 
Circulation 

SHSJ 200 hPa zonal wind 
Eastern Pacific-South American 

sector,  
100°W-50°W 

VI 925 hPa meridional 
wind 75°W-65°W, 5°S-5°N 

U850 850 hPa zonal wind 70°W-50°W, 15°S-5°S 

Thermodynamic 
Condition 

CAPE 
& 
CIN 

Temperature, 
specific humidity, 

geopotential height, 
topography, surface 

pressure 

70°W-50°W, 15°S-5°S 

Surface 
Condition BR Latent and sensible 

heat fluxes 70°W-50°W, 15°S-5°S 

 
 

We use the composite pattern of the difference of July SSTs between late and 

early onsets in the tropical Pacific to guide our determination of the SST indices (Figure 

3.4).  The pattern bears similarities with El Niño type SSTs and the magnitudes of the 

differences over the eastern Pacific are larger than 0.8 K.  A cooling of the southeastern 

Atlantic and a warming of the north tropical Atlantic and southwest extratropical Atlantic 

also appears favorably in the late onset years.  The northern Atlantic may influence the 

southern Amazon through its influence on the large-scale moisture transport [Moura and 

Shukla, 1981; Fu et al., 2001; Marengo et al., 2008; Zeng et al., 2008].  The SST 
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difference in April shows a similar pattern to that of July, but it emphasizes more on 

central Pacific (not shown).  Based on the composite pre-seasonal SSTs anomalies and 

their potential connection suggested in literature, we will evaluate Niño3, Niño4, PDO, 

AMO, and AtlG as potential predicting factors for interannual variation of the wet season 

onset over the southern Amazon. 

We also evaluate the difference of the wind field and relative vorticity at 850 hPa 

and 200 hPa in August between late and early onsets to identify the areas with strongest 

pre-seasonal wind anomalies (Figure 3.5).  At the 850 hPa level (Figure 3.5a), a dipole of 

anomalous cyclonic vorticity over the Altiplano plateau and anticyclonic vorticity over 

western Amazonia associated with a late wet season onset suggests a southward 

displacement of synoptic disturbances and, consequently, a weakening of the cold front 

incursions into the southern Amazonia basin.  In addition, the South American Low-level 

Jet (SALLJ) also appears to be strengthened, leading to an enhanced moisture export 

from southern Amazonia to La Plata basin.  The dipole appears to be part of a series of 

anomalous relative vorticity dipoles originating from the equatorial Central Pacific 

(Figure 3.5b).  At 200 hPa (Figure 3.5b), the differences of the zonal wind (contour) and 

vorticity (shaded) fields between the late and early wet season onset suggest a poleward 

displacement of the subtropical jets and enhanced subtropical anticyclonic vorticity over 

Southeastern Pacific.  Such changes lead to a stronger cross-Andes flow over 5˚–15˚S, in 

the upstream of the southern Amazonia.  The stronger westerly cross-Andes flow north of 

20˚S is consistent with and physically responsible for the strengthened SALLJ shown in 

Figure 3.5a [e.g. Vera et al., 2002; Marengo et al., 2004; Wang and Fu, 2004].  The latter 
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enhances moisture export from the southern Amazonia to La Plata basin and strengthens 

the cyclonic activities over the latter region.  This weather pattern shift can weaken the 

cold fronts incursions into the southern Amazonia and contributes to late wet season 

onset over southern Amazonia [Li and Fu, 2006]. 

 

 

 
Figure 3.6. The scatter plots of the wet season onsets and the eleven factors considered.  

The regions for these variables are summarized in Table 3.1. 
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crucial factors listed in Table 3.1.  Five of them are SST indices, as a domain average of 

SSTA: Niño 3, Niño 4, PDO, AMO, and AtlG.  Three of these factors are captured from 

wind fields: SHSJ, V Index at 925 hPa (VI, 925 hPa meridional wind averaged over 

75°W-65°W, 5°S-5°N), and zonal wind at 850 hPa (U850, averaged over the southern 

Amazon).  The other three factors represent the local thermodynamic and surface 

conditions in the southern Amazon: CAPE, CIN, and BR.  Table 3.1 and boxes in Figures 

3.4 and 3.5 both illustrate the domains and time for the eleven factors. 

 

3.4. Links Between Dry Season Conditions and The Wet Season Onsets 

3.4.1. Correlations Between Pre-seasonal Conditions and Change of the Wet Season 

Onsets 

Figure 3.6 shows the relationships between the onsets and the eleven factors.  

Based on the confidence level of 95%, two of the five SST indices are significantly 

correlated with the onsets.  Niño 3 has a correlation coefficient (R, p-value=0.01) equal to 

0.48, and Niño 4 has R=0.56, p<0.01.  PDO, AMO, and AltG do not appear to be 

correlated with the onsets at the interannual time scale.  The linkage between the pre-

seasonal SSTA in the tropical Pacific and wet season onsets over the southern Amazon is 

consistent with previous studies [Marengo et al., 2001a].  The SHSJ are negatively 

correlated with the onsets with R=-0.42, p=0.02, and U850 has R=0.34, p=0.07.  The 

former is consistent with an earlier finding that more poleward SHSJ would prevent the 

cold frontal system from entering the southern Amazon, whereas the latter is presumably 

associated with less-frequent deeply penetrated and vigorous continental type of 
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convective systems associated with weakened easterly winds at 850 hPa as observed both 

during field campaigns and satellite observations [Petersen et al., 2002; Rickenbach, 

2002; Silva Dias, 2002; Petersen et al., 2006].  Such deep convective systems would 

increase the buoyance of the lower troposphere and destabilizes the atmosphere.  As a 

consequence, the elevated diabatic heating can trigger intense rainfall along with the cold 

fronts passing by each time, which favors the wet season onsets over the southern 

Amazon [Li and Fu, 2006].  Although the p-value for U850 is somewhat larger than 0.05, 

it provides some evidence for the importance of low-level zonal winds.  Among the local 

effects, CAPE is negatively correlated with the onsets with R=-0.37 (p=0.05), while the 

correlation between CIN and the wet season onset is not statistically significant (R=-0.07, 

p=0.71).  This is also consistent with the previous finding that smaller CAPE during the 

dry season inhibits local-thermodynamically driven convection that is central in initiating 

the transition from dry to wet season [Li and Fu, 2004a]. 

 

3.4.2. Composite Analysis for the Robustness as Important Factors 

The correlations presented in Section 3.3.1 show the important pre-seasonal 

conditions.  In order to statistically demonstrate that these conditions are crucial for late 

onset years, we need to check whether these conditions have robust anomalies (>1σ).  In 

Figure 3.7, we compare the differences in the SHSJ and U850 between the late and early 

wet season onsets.  The error bars represent ±1 standard error, and the sample size is 6 for 

late onsets and 5 for early onsets.  Given such small sample sizes, it is difficult to 

determine whether the true differences are significant or not.  However, both of them are 
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different beyond 2 standard errors between the late and early onset years.  The SHSJ 

shows a poleward positioning during the late onset years.  U850 shows stronger westerly 

wind anomalies over the Amazon during the late onset years, associated with the stronger 

SALLJs observed in Figiure 3.5a. 

 

 

Figure 3.7. The domain-averaged and composite time-averaged SHSJ, U850, CAPE, 
CIN and BR in August between the late and early wet season onsets. Errorbars represent 

±1 standard error. 
 

We also compare the differences in atmospheric thermodynamic structure and 

land surface conditions between the late and early wet season onsets (Figure 3.7).  During 

late onset years, there are larger CIN and BR values, associated with smaller CAPE 

values.  CAPE is clearly different beyond 2 standard errors between late and early onset 

years based on the error bars (1 standard error), as it is an important thermodynamic 

condition for the dry-to-wet transition season [Fu et al., 1999].  The about 2 standard 
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deviation differences for CIN and BR between late and early wet season onsets imply 

some influence of CIN and BR.  However, one should notice the correlation between the 

onsets and CIN or BR is insignificant (Figure 3.6).  Thus, they might be important in 

extreme cases, e.g. the much larger CIN in the 2005 drought year (Table 3.2).  The 

potential uncertainties in surface fluxes modeled by NCEP/NCAR reanalysis could 

contribute to the poor relationship between BR and the onsets. 

 

Table 3.2. The values of the contributing factors in late onset years. 
Late onset 
years 

Onset date 
(pentad) SHSJ (°) U850 (m/s) CAPE/CIN 

(kJ/kg) 
1994 65 -24.7 -3.40* 0.76 / 0.045 
1995 63 -20.9 -3.52* 0.77 / 0.054 
1997 64 -19.7 -4.61 0.71* / 0.055 
2002 68 -27.0* -4.42 0.68* / 0.060* 
2004 63 -20.2 -3.87 0.72 / 0.058 
2005 64 -24.3 -3.68* 0.89 / 0.066* 

*: values are > the mean ±  
 

Latent heating estimates from TRMM show that the maximal heating over the 

Amazon occurs at the height of 2-4 km and the profiles are all positive throughout the 

troposphere (Figure 3.8), indicating shallow convective precipitation dominates in the dry 

season of Amazonia.  In the 3 late onset years (2002, 2004, and 2005), latent heating is 

much smaller than the other years throughout the whole troposphere from the available 

time period of 1998-2010.  This coincides with the limiting thermodynamic condition for 

convection indicated by low CAPE and high CIN, enhancing our confidence in 

interpreting the results from reanalysis data. 

1σ
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Figure 3.8. The latent heating profile for TRMM precipitation averaged over the 
southern Amazon in August of late-onset years’ and other years’ climatology (1998-

2003, 2006-2010). 
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wet season onsets.  The weaker easterly winds, associate with late wet season onset in 

1994 and 1995, are generally larger than one standard deviation (1σ, Table 3.2).  By 

contrast, CAPE anomalies were smaller than 1σ prior to the late wet season onset in 

1997.  In 2002, the strongest delay of the wet season onsets throughout the whole period 

was led by a strong poleward shift of SHSJ and strongly anomalous CAPE/CIN.  The late 

onset in 2005 follows either smaller easterly winds or a stronger CIN. 
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3.4.3. Links Between the Pre-seasonal Conditions and External Planetary-scale Climate 

Variability 

 In Figure 3.9, we explore the links between the planetary scale climate variability 

modes and regionally anomalous dry season conditions.  Results show that the SHSJ in 

August over the South American sector is mainly correlated with PDO index in July 

(p<0.1).  U850 is mostly correlated with Niño 4 and VI (p<0.1).  Such a correlation may 

be a result of two possible mechanisms: (i) the warming of the tropical eastern Pacific 

results in variations in tropical Atlantic SSTA and weakens the cross-equatorial flow and 

the easterly winds from the tropical Atlantic to tropical South America [Carton et al., 

1996; Mo and Häkkinen, 2001]; and (ii) El Niño events and SST anomalies over the 

subtropical south-central Pacific could also induce the poleward displacement of cold 

fronts [Vera and Vigliarolo, 2000; Barros and Silvestri, 2002; Vera et al., 2002]. 

CIN in the southern Amazon is significantly correlated with the PDO and BR.  

Physically, CIN is determined by land surface dryness, as indicated by BR, and the 

thermodynamic stability of the lower troposphere, which is controlled by subsidence 

above the boundary layer.  The correlation between AtlG and BR may be caused by 

tropical Atlantic’s influence on Amazon rainfall during late austral fall, which in turn, 

influences the BR during the subsequent dry and transition season. 

VI is also correlated with CAPE and BR, but not with ENSO and Atlantic SSTAs.  

Thus, its interannual variation presumably results from the variation of convection over 

the southern Amazon, which in turn, produces elevated diabatic heating that enhances 

northerly (negative) VI [Li and Fu, 2004a].  
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Figure 3.9. The correlation matrix between the eleven factors considered.  Stars and solid 
circles indicate p-value is less than 0.05 and 0.1, respectively. 

 

3.5. Interannual Variations of The Wet Season Onsets Explained by the Anomalous 

Pre-seasonal Conditions 

To explore how much the dry season factors can explain the interannual variation 

of wet season onset, we need to minimize the multi-collinearity between SSTAs over the 

Pacific and Atlantic oceans as well as the atmospheric circulation and local conditions 

discussed above.  Two statistical methods, stepwise regression and partial least-square 

(PLS) regression, are employed for this purpose.  Stepwise regression selects the most 

important variables that are uncorrelated with each other as predicting factors by an 

automatic procedure and some selection criteria, while PLS regression uses all the 

variables and projects them to a new space based on the PLS algorithm.  The PLS 

regression bears some similarities with principal components analysis.  More details of 
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the two methods are documented in previous studies [Hocking, 1976; Tenenhaus et al., 

2005]. 

One important part of this study is to understand how much interannual variability 

of the onsets can be explained by these factors other than Niño indices.  Thus, we set up 

two groups of factors from the eleven ones.  One only has Niño 3 and Niño 4 (referred as 

Niño-only), while the other one also includes SHSJ, U850, and CAPE (referred as 

Niño+).  For the Niño-only group, the correlation coefficient between the predicted 

onsets using stepwise regression and observed onsets is 0.60, while that between the 

predicted onsets using PLS regression and observed onsets is 0.62 (Figure 3.10a).  The 

automatic selection procedure of stepwise method selects Niño 4, which explains 36% of 

the total variance, and indicates that Niño 3 and Niño 4 are covariates.  The PLS 

regression shows for the Niño-only group the reconstructed wet season onset change 

explain about 38% of the total variance (Figure 3.10b).  From the same calculations for 

Niño+ group, we can see that the selected factors by stepwise procedure, Niño 4, SHSJ, 

and CAPE can explain 57% of the total variance of the wet season onset.  The difference 

between the two groups highlights the importance of monitoring of the SHSJ, U850 and 

CAPE, which are not significantly correlated with Pacific and Atlantic variability modes 

(Figure 3.9), for the predictability of the following onset, since they can explain nearly 

22% more of the total variance, in addition to that explained by the Niño 3 and Niño 4. 

Figure 3.10 suggests that these three anomalous dry season conditions within the 

Amazonia basin could provide useful additional information in determining the rainfall 

variations in the dry season, which are crucial for the likelihood of interannual variation 
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of the wet season onset. 

 

 

 
Figure 3.10. (a) Time series of the PM and predicted onsets from factors using the two 
methods considered. Blue lines represent the reconstructed onset dates using Niño 3, 

Niño 4, SHSJ, U850, and CAPE (referred as Niño+), while red lines represent that using 
only Niño 3 and Niño 4 (referred as Niño). (b) The corresponding explained percent 
variance for the number of PLS components. Blue is for Niño+ and red is for Niño. 

 

3.6. Conclusions and Discussion 

This study explores characteristics of anomalous dry season conditions associated 

with the late onset of the subsequent wet season over the southern Amazon, in addition to 

the external oceanic influences due to ENSO. 

The results reported in Sections 3.4 and 3.5 suggest that the interannual variation 
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of the wet season onset over the southern Amazon is correlated with dry season 

conditions in the Pacific and South America.   This is because these anomalous dry 

season conditions directly influence the mechanisms critical for the transition from dry to 

wet season over the Amazon.  In particular, (i) a weaker CAPE/stronger CIN delays the 

initiation of this dry-to-wet-season transition by limiting local thermodynamically driven 

convection.  (ii) A stronger westerly U850 and SALLJs can reduce the occurrence of 

deep and more vigorous convective systems that provide elevated diabatic heating.  The 

SALLJs play a critical role in converting convective available potential energy into 

rotational kinetic energy in the upper troposphere, which is needed to overturn the 

monsoon circulation [Krishnamurti et al., 1998; Li and Fu, 2004a].  (iii) A poleward 

displacement of the SHSJ over South America would weaken the incursions of cold 

fronts into the southern Amazon region, which are the main atmospheric dynamic trigger 

for the wet season onset over the southern Amazon.  Although previous studies have 

established the importance of these mechanisms for the climatological wet season onset, 

this study more quantitatively demonstrates their importance in the interannual variability 

of the wet season onsets over the southern Amazon. 

These anomalous dry season conditions are largely forced by ENSO.  However, 

how these SST variability modes influence the large-scale and land surface conditions, 

which are key to the wet season onsets, has not been well studied.  This study suggests 

that the land surface feedback, the enhanced SALLJs and lee cyclogenesis over 

extratropical South America associated with a poleward shift of the SHSJ, can either 

dampen or amplify the influences of Pacific and Atlantic SSTA on SHSJ, U850, and 
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CAPE anomalies.  These factors add non-linearity to the relationships between ENSO, 

AMO-related tropical Atlantic SSTA, and changes in wet season onset over the southern 

Amazon. 

Although southern Amazon CIN is not correlated with the onset, its influence on 

wet season onset changes appears to be non-linear since it might be responsible for the 

delayed onsets (Figure 3.7).  While a strong CIN increase (>1σ) is important for delaying 

wet season onsets (Table 3.2), CIN anomalies overall explain only a negligible 

percentage of the total variance of interannual wet season onsets as suggested by NCEP 

reanalysis. 

Furthermore, our result in Figure 3.5a shows enhanced northerly low-level wind, 

presumably associated with SALLJs, during the dry season prior to the late wet season 

onset.  SALLJs are maintained by strong zonal pressure gradients due to lee cyclogenesis 

[Vera et al., 2002; Wang and Fu, 2004].  The poleward shift of the SHSJ (Figures 3.5b 

and 3.6) may promote lee cyclogenesis in the extratropical South America, enhancing 

extratropical segment of the SALLJs.  The latter, in turn, would export more moisture 

from a closed continent of the Subtropical Atlantic High to the La Plata basin, feeding 

more water vapor and latent energy to strengthen extratropical synoptic systems in that 

region.  Thus, the enhanced northerly low-level wind over southern Amazonia associated 

with poleward relationship implies a potential positive feedback to the poleward 

displacement of cold fronts during El Niño events [Robinson, 2002; Seager et al., 2003] 

may contribute to the non-linearity between the wet season onset over the southern 

Amazon and ENSO. 
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Ding et al. [2011b] suggest that the subtropical jet over South America is mainly 

influence by Rossby wave response to south-central Pacific.  Although the wave train 

pattern is comparable to the Pacific South America pattern associated with ENSO 

forcing, it is not significantly correlated with ENSO indices.  Vera et al. [2002] have 

shown that the SHSJ variation over South America can differ among subsequent ENSO 

events due to changes of the SSTA in the extratropical Pacific, which are affected by the 

variations of the Southern Annual Mode (SAM) [Ciasto and Thompson, 2008].  Although 

SAM is partially related to El Niño [L'Heureux and Thompson, 2006], a favorable 

configuration of the two may cause the SHSJ to move extremely poleward, which in turn 

weakens cold air incursions over the southern Amazon [Garreaud, 2000]. 

Li and Fu [2006] indicate that cold air incursions trigger intense rainfall in austral 

spring to the east of the Andes when the thermodynamic condition becomes unstable.  

The low-level atmospheric humidity and buoyancy increases and high-level anticyclonic 

flow develops as the cold frontal systems pass by every time.  As a result, moisture 

convergence intensifies and rain areas expand southeastward, resulting in the wet season 

onset. 

Chen et al. [2011] demonstrate that evapotranspiration in late dry season is largely 

impacted by the terrestrial water storage accumulated in previous months, which is linked 

to wintertime Atlantic and Pacific SSTs through their influence on precipitation.  This 

mechanism enables potential fire risk prediction in the Amazon simply based on SSTs.  A 

late wet season onset is also followed by an increase of fire counts [Fu et al., 2013] and 

seems to be part of this cascade of processes. 
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Figure 3.11. A schematic diagram showing the primary processes affecting the wet 
season onset over the southern Amazon.  Dark boxes and arrows indicate the pre-seasonal 
conditions and their links to planetary scale climate variability established in this study.  
Thin boxes indicate the underlying processes of the links suggested in previous studies.  

Two-way arrows indicate positive feedbacks between the two processes. 
 

Figure 3.11 summarizes the links between adjacent oceanic forcing and the key 

regional pre-seasonal conditions affecting the wet season onset over southern Amazonia 

and their underlying mechanisms suggested by this work and previous studies.  The 

major external oceanic or planetary scale circulation anomalies-mainly El Niños, the 

positive phases of the AMO and SAM-could dry the land surface, weaken the moisture 

transport from tropical Atlantic ocean to Amazonia, and induce a poleward displacement 

of the SHSJ in the dry season.  These changes together could consequently weaken the 

convective instability and the probability of cold front incursions.  They are not linear 

function of the external forcing, but can, in turn, weaken the diabatic heating in the 

middle and upper troposphere, and delay dry-to-wet season transition over Amazonia.  
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The variability of the wet season onset over southern Amazonia is likely linked to 

both pre-seasonal conditions and also random atmospheric and oceanic variability during 

the dry to wet transition.  Our analysis suggests that the anomalous climate conditions 

within Amazonia during the previous dry season could provide more information for the 

subsequent wet season set variability than those of oceanic forcing alone, even though the 

former is non-linearly related to the latter.  This study suggests that a clear understanding 

of the such non-linear relationship between the atmospheric anomalous thermodynamic 

and dynamic conditions and the oceanic and planetary-scale atmospheric variabilities 

may provide a key for improving our interpretation of the interannual variations of the 

wet season onsets over Amazonia. 
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CHAPTER IV 

HOW WELL CAN CMIP5 SIMULATE PRECIPITATION AND ITS 

CONTROLLING PROCESSES OVER TROPICAL SOUTH 

AMERICA?3 

 

4.1. Abstract 

Underestimated rainfall over Amazonia was a common problem for the Coupled 

Model Intercomparison Project phase 3 (CMIP3) models.  We investigate whether it still 

exists in the CMIP phase 5 (CMIP5) models and, if so, what causes these biases?  Our 

evaluation of historical simulations shows that some models still underestimate rainfall 

over Amazonia.  During the dry season, both convective and large-scale precipitation is 

underestimated in most models. GFDL-ESM2M and IPSL notably show more pentads 

with no rainfall.  During the wet season, large-scale precipitation is still underestimated in 

most models. In the dry and transition seasons, models with more realistic moisture 

convergence and surface evapotranspiration generally have more realistic rainfall totals.  

In some models, overestimates of rainfall are associated with the adjacent tropical and 

eastern Pacific ITCZs.  However, in other models, too much surface net radiation and a 

resultant high Bowen ratio appears to cause underestimates of rainfall.  During the 

transition season, low pre-seasonal latent heat, high sensible flux, and a weaker influence 

                                                
3Substantial portions of this chapter were previously published in Yin, L., R. Fu, E. Shevliakova, and R.E. 
Dickinson (2013), How well can CMIP5 simulate precipitation and its controlling processes over tropical 
South America? Clim Dynam, doi:10.1007/s00382-012-1582-y.  L.Y., and R.F. designed research; L.Y., 
and E.S. performed research; and L.Y., R.F., and R.E.D. wrote the paper.  The Reference section contains 
full citations for all articles referenced here. 
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of cold air incursions contribute to the dry bias.  About half the models can capture, but 

overestimate, the influences of teleconnection.  Based on a simple metric, HadGEM2-ES 

outperforms other models especially for surface conditions and atmospheric circulation.  

GFDL-ESM2M has the strongest dry bias presumably due to its overestimate of moisture 

divergence, induced by overestimated ITCZs in adjacent oceans, and reinforced by 

positive feedbacks between reduced cloudiness, high Bowen ratio and suppression of 

rainfall during the dry season, and too weak incursions of extratropical disturbances 

during the transition season. 

 

4.2. Introduction 

The Amazonian rainforest accounts for approximately 15% of global terrestrial 

photosynthesis [Field et al., 1998] so that future changes of rainfall in that region are 

needed for determining global carbon-climate feedbacks [Cox et al., 2004].  However, 

CMIP3 models were shown to have highly variable biases in Amazonia precipitation and 

its seasonality [Li et al., 2006; Vera et al., 2006].  Such biases and lack of understanding 

of their cause contribute to the large uncertainty in projecting future changes of the 

atmospheric CO2 concentration and climate [Friedlingstein et al., 2006]. 

Since the Intergovernmental Panel on Climate Change (IPCC) Fourth Assessment 

Report (AR4), considerable efforts have been made to reduce dry biases in the climate 

models that participated in the IPCC Fifth Assessment Report (CMIP5) [Dickinson et al., 

2006].  CMIP5 includes more than 50 models from 24 modeling groups with generally 

higher resolution and more ensemble members for individual experiments [Taylor et al., 
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2012].  Are rainfall climatology, variability and their controlling processes realistically 

represented in CMIP5 models?  If not, what are the main causes of such model biases? 

What metrics should we use for model evaluation?  The CMIP5 program has 

recommended a broad suite of metrics for characterizing general model performance 

[Gleckler et al., 2008].  However, because this study is focused on the evaluation of 

rainfall biases over Amazonia and their underlying causes, it uses a process-based model 

evaluation. 

Since IPCC AR4, our understanding on what control climatology and variability 

of Amazonian rainfall has advanced significantly.  We take advantage of these recent 

improvements, as well as knowledge accumulated earlier, in determining the metrics.  In 

particular, it has been established that SST anomalies over the adjacent tropical oceans 

are the primary forcing for drought and extreme events in some part of Amazonian basin 

[Moura and Shukla, 1981; Liebmann and Marengo, 2001a; Bombardi and Carvalho, 

2011; Chen et al., 2011; Davidson et al., 2012; Doi et al., 2012], through their impacts on 

atmospheric circulation patterns and moisture transport [Fu et al., 1999; Wang and Fu, 

2002].  Surface soil moisture and vegetation feedbacks, as well as land, regulate rainfall 

variability by altering the Bowen ratio and buoyancy of air in the boundary layer 

[Nepstad et al., 1999; Fu and Li, 2004; Malhi and Wright, 2004; Chen et al., 2011; Lee et 

al., 2011; Toomey et al., 2011].  While both remote and local effects as mentioned above 

are important, their relative importance can change in different seasons [Seth et al., 

2011]. 

 



 68 

 

Table 4.1. Description of the CMIP5 models used in this study. 
Model (Fig 
marker) Institute (Country) Available 

Ensembles 
Components 
(Resolutions) Calendar Reference 

CCSM4 
(A) 

National Center for 
Atmospheric Research 

(USA) 
6 F09_g16 

(0.9×1.25_gx1v6) No leap [Gent et al., 
2011] 

GFDL-CM3 
(B) 

NOAA/Geophysical 
Fluid Dynamics 

Laboratory (USA) 
5 

Atm: AM3 (2.0° lat 
×2.5° lon) 

Ocn: MOM4.1 (1.0° 
lat ×1.0° lon, enhanced 
tropical resolution: 1/3 

on the equator) 

No leap [Donner et al., 
2011] 

GFDL-
ESM2M 
(C) 

NOAA/Geophysical 
Fluid Dynamics 

Laboratory (USA) 
1 

Atm: AM2 (AM2p14, 
M45L24) 

Ocn: MOM4.1 (1.0° 
lat ×1.0° lon, enhanced 
tropical resolution: 1/3 

on the equator) 

No leap [Dunne et al., 
2012] 

GISS-E2-H 
(D) 

NASA/Goddard Institute 
for Space Studies (USA) 5 

Atm: GISS-E2 (2.0° 
lat ×2.5° lon) 
Ocn: H 

No leap [Schmidt et 
al., 2006] 

GISS-E2-R 
(E) 

NASA/Goddard Institute 
for Space Studies (USA) 5 

Atm: GISS-E2 (2.0° 
lat ×2.5° lon) 
Ocn: R 

No leap [Schmidt et 
al., 2006] 

HadCM3 
(F) 

Met Office Hadley 
Centre (UK) 10 

Atm: HadAM3 
(N48L19) 

Ocn: HadOM (Lat: 
1.25 Lon: 1.25 L20) 

360 d/y [Collins et al., 
2001] 

HadGEM2-CC 
(G) 

Met Office Hadley 
Centre (UK) 3 

Atm: HadGAM2 
(N96L60) 

Ocn: HadGOM2 (Lat: 
1.0-0.3 Lon: 1.0 L40) 

360 d/y 
[Collins et al., 
2011; Martin 
et al., 2011] 

HadGEM2-ES 
(H) 

Met Office Hadley 
Centre (UK) 4 

Atm: HadGAM2 
(N96L38) 

Ocn: HadGOM2 (Lat: 
1.0-0.3 Lon: 1.0 L40) 

360 d/y [Jones et al., 
2011] 

MPI-ESM-LR 
(I) 

Max Planck Institute for 
Meteorology (Germany) 3 

Atm: ECHAM6 
(T63L47) 

Ocn: MPIOM 
(GR15L40) 

Gregorian 

[Marsland et 
al., 2003; 

Raddatz et al., 
2007] 

IPSL-CM5A-
LR 
(J) 

Institut Pierre Simon 
Laplace (France) 5 

Atm: LMDZ4 
(96×95×39, 1.875° lat 

×3.75° lon) 
Ocn: ORCA2 
(2×2L31, 2.0° lat 
×2.0° lon) 

No leap [Marti et al., 
2010] 

INM-CM4 
(K) 

Institute for Numerical 
Mathematics (Russia) 1 Atm: 1.5° lat ×2.0° lon 

Ocn: 2.0° lat ×2.5° lon No leap [Volodin et al., 
2010] 
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This study evaluates eleven CMIP5 models and determines what biases in 

Amazonian rainfall and its seasonality still remain.  It analyzes sea surface temperature 

(SST) and regional land surface forcings and their influences on precipitation to 

determine the possible causes for rainfall bias in different seasons and regions.  The 

climate records over Amazonia are too short for evaluation of the sensitivity of rainfall to 

the warming trend of global SST even though its simulation is important for determining 

the fidelity of the climate projection.  We also evaluate the partitioning between 

convective and large-scale precipitation because they are parameterized based on 

different large-scale conditions in models and can impact surface water partitioning 

between evapotranspiration (ET), infiltration, and runoff.   

Section 4.3 describes the datasets, models and analysis methods used in this study.  

Section 4.4 reports the results of our analysis in detail for specialized readers. A brief 

summary of the main findings is provided at the end of each sub-section for general 

readers.   

 

4.3. Data and Methods 

4.3.1. The CMIP5 Simulations 

This study examines the precipitation simulated in the historical runs of CMIP5 

models and other key variables, a total of eleven models are available at this time. A 

general description is given in Table 4.1. These simulations were performed by different 

modeling groups that participated in the CMIP5, organized by the World Climate 

Research Programme’s (WCRP) Working Group on Coupled Modelling (WGCM) and to 
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be addressed in the 5th Assessment Report (AR5) of the IPCC. All the models provided 

multiple ensemble runs in order to increase the signal-to-noise ratio except for GFDL-

ESM2M and INM-CM4, and we average all the ensemble runs before comparing to 

observations.  Models with fewer ensemble members will have more uncertainty due to 

random internal variability of the models (Deser et al. 2010).  More details on the 

dynamic core and physical parameterization of these models and description of 

performed simulations can be found in corresponding references. The model outputs are 

being archived and made available to the scientific community by the Program Climate 

Model Diagnosis and Intercomparison (PCMDI) at their website: 

http://pcmdi3.llnl.gov/esgcet/home.htm;jsessionid=8B859722DD0B923B9E05C171806B

87A4. 

Some modeling groups provide a new set of models named Earth System Models 

(ESMs), which are atmosphere-ocean global climate models (AOGCMs) coupled to a 

carbon cycle model [Flato, 2011]. Simulations are run in various spatial resolutions. We 

interpolate different resolutions into 2.5°×2.5° in order to minimize effects of resolution 

on our comparison.  To reduce the noise in modeled rainfall, we use pentad-averaged 

precipitation derived from daily means for precipitation to assess its frequency 

distribution. For other fields, monthly data are employed to provide a reasonably 

comprehensive picture of model performance. 

The historical experiment, which resembles the 20th century simulation in CMIP3, 

is carried out with all forcings including changes of atmospheric composition due to 

anthropogenic and volcanic influences, solar forcing, aerosol emissions and land use 
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change [Taylor et al., 2012]. The simulations are initialized using pre-industrial 

conditions of 1850 and carried out to 2005.  We use the time period of 1979 to 2005 for 

most fields, a period when the observational record is most reliable and available.  The 

analysis of sea surface temperature (SST) is carried out for the period of 1950 to 2005 to 

adequately capture the modes of lower frequency SST variability.   

 

4.3.2. Reference Data 

Beginning from 1979, satellite-based measurements along with ground-based 

observations substantially improved spatial and temporal sampling and reliability of the 

reanalysis products, supporting our choice of 1979-2005 period for model evaluation. 

The Global Precipitation Climatology Project (GPCP) provides combined 

precipitation products [Adler et al., 2003]. Since GPCP daily precipitation only starts 

from 1992 and in order to include as many years as possible, we use the GPCP v1.2 

pentad product [Xie et al., 2003] to assess the frequency distribution. Monthly CPC 

merged analysis of precipitation (CMAP) is also employed as another reference for the 

Taylor diagram. Many studies have compared these precipitation products [Shin et al., 

2011], including over South America [Negrón Juárez et al., 2009]. 

The ECWMF ERA-Interim reanalysis data [Dee et al., 2011] has been 

demonstrated to be able to capture the ITCZ compared with observations [Žagar et al., 

2011], and is also the best among the three state-of-art reanalysis products for the 

Amazonian region [Lorenz and Kunstmann, 2012].  Since the ERA-Interim has a 

reasonable terrestrial water balance, we assume that it has a better estimation of 
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convective and large-scale precipitation than models, even though it is still quite 

uncertain. Other variables examined are mainly from the ERA-Interim, including winds, 

surface latent and sensible heat fluxes, surface solar radiation, geopotential height and 

water vapor transport. 

We use the NOAA/NCDC Extended Reconstructed SST (ERSST) version 3b 

[Smith et al., 2008], available from 1854 to present. It is derived from the International 

Comprehensive Ocean-Atmosphere Data Set (ICOADS) data with missing values filled 

in by statistical methods. SST in this dataset since 1950 is compared to that of models in 

order to provide enough sample years to reduce measurement biases and uncertainties. 

The models with tripolar gridded SSTs have been interpolated into a common lat-lon grid 

with spatial resolution of  2.5°×2.5°. 

Shortened names are used for observations in the figures.  If more than one 

datasets are used, we chose one dataset as the reference data and compared the other 

datasets to assess observational uncertainty. 

 

4.3.3. Computation of Variables and Indices 

To investigate the potential causes of precipitation bias, we will analyze whether 

atmospheric circulation, surface conditions or Pacific and Atlantic SSTs are reasonably 

simulated in these models. The variables we evaluate include the lower and higher 

tropospheric winds, 500 hPa geopotential height, surface fluxes, moisture convergence 

and SST indices. 

Due to lack of instantaneous wind and atmospheric humidity information in the 
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CMIP5 models outputs, we compute moisture convergence from the water budget 

[Trenberth et al., 2007] instead of the vertical integration of horizontal moisture 

transport, using the following equation: 

𝑀𝐶 = 𝑃 − 𝐸 + ∆𝑇𝑊𝑉     (1) 

where MC is moisture convergence, P is precipitation, E is evapotranspiration, and 

∆𝑇𝑊𝑉  is the change in atmospheric total water vapor storage. Some models do not 

provide evapotranspiration, so E is calculated as: 

𝐸 = 𝐿𝐻/𝜆      (2) 

where  λ = 2.502×106 J kg-1 is latent heat of vaporization, and LH is upward surface 

latent heat flux.  

 To quantify the effects of teleconnection, several SST indices are calculated. The 

Niño 3 index is an average of SST anomalies (SSTA) in the region of 150°W-90°W and 

5°N-5°S, and Niño 4 index is an average of SSTA in the region of 160°E-150°W and 

5°N-5°S. The Atlantic Multidecadal Oscillation (AMO) is described as the area weighted 

average of SSTA over the northern Atlantic, basically from 0 to 70°N [Endfield et al., 

2001]. The detailed calculation procedure is found on the NOAA/ESRL website: 

http://www.esrl.noaa.gov/psd/data/timeseries/AMO/. The tropical Atlantic SST gradient 

(AtlG) is defined as the area averaged SSTA difference between the northern (60°W-

30°W, 5°N-25°N) and southern (30°W-0°, 5°N-25°N) Atlantic [Giannini et al., 2004], 

and is important for the cloudiness in some regions of Amazonia [Arias et al., 2010]. 
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Figure 4.1. Seasonal mean of (a) total precipitation, (b) convective precipitation and (c) 
large-scale precipitation. (A: CCSM3, B: GFDL-CM3, C: GFDL-ESM2M, D: GISS-
E2H, E: GISS-E2R, F: HadCM3, G: HadGEM2-CC, H: HadGEM2-ES, I: MPI-ESM, J: 

IPSL, K: INM-CM4). 
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4.4. Results 

4.4.1. Comparisons of Rainfall Seasonality 

Figure 4.1 shows the spatial pattern of the seasonal mean total rainfall, convective 

and large-scale precipitation of the eleven models in northern South America. Total 

rainfall is compared with GPCP, and convective and large-scale rainfall is compared with 

ERA-Interim reanalysis (ERA-Int).  Most models generally show reasonable patterns of 

seasonal precipitation (Figure 4.1a).  During the wet seasons (DJF and MAM), three Had-

models, MPI-ESM and IPSL can adequately simulate the rainfall patterns over the 

Amazon basin.  Maximum rainfall centers in the two GISS models are too far northward 

and that modeled by CCSM4 is too far eastward.  INM-CM4 has enough rainfall over 

tropical South America but less in its central region.  

In the dry season (JJA), only the two HadGEM2 models can capture the center of 

rainfall over the northwest corner of South America (Figure 4.1a). Most of the models 

overestimate rainfall associated with the Atlantic ITCZ, especially the two GISS, two 

HadGEM and IPSL models.  During the transition season (SON), the three Had-models 

and MPI-ESM capture the northwest-to-southeast spread of rainy area fall pattern as 

observed.  CCSM and GFDL-CM3 also capture this rainfall pattern, but underestimate 

rainfall amounts.  GFDL-ESM2M and IPSL show rainfall patterns similar to those of the 

dry season, thus substantially underestimating rainfall over southern Amazon.  The 

majority of the models either overestimate the Atlantic ITCZ (the two GISS models) or 

the eastern Pacific ITCZ (MPI) or both (CCSM4, the two GFDL models, the three Had- 

models and IPSL).  Such an overestimate of the ITCZs could enhance subsidence and 
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moisture divergence over the Amazon, contributing to dry biases during the dry season.  

This problem also exists in CMIP3 models, showing that a misrepresentation of the 

tropical ITCZ can result in a bias in the annual cycle of precipitation over the Amazon 

[Bombardi and Carvalho, 2009]. 

Most of the other models overestimate convective rainfall and underestimate 

large-scale rainfall during the wet seasons, but underestimate both convective and large-

scale rainfall in the dry and transition seasons (Figure 4.1b and 4.1c). CCSM4 is among 

the best in simulating convective and large-scale precipitation for all the seasons.  The 

three Had-models strongly overestimate convective rainfall and underestimate large-scale 

rainfall in SON.  The two GISS models substantially underestimate convective rainfall 

and overestimate large-scale rainfall in all four seasons (Figure 4.1b and 4.1c). 

To quantify the precipitation bias in Amazonia, we select four regions: the 

southern Amazon (Sama, 70°W-50°W, 15°S-5°S), northern Amazon (Nama, 70°W-55°W, 

5°S-5°N), northwestern Amazon (NWama, 75°W-60°W, 10°S-5°N), and South American 

Monsoon System region (SAMS, 60°W-45°W, 17.5°S-5°S) shown in Figure 4.2a. The 

southern Amazon has a wet season beginning in austral spring, peaking in summer and 

ending in austral fall [Marengo et al., 2001a; Li and Fu, 2004a], while the northern 

Amazon differs in rainfall seasonality since it crosses the equator [Wang and Fu, 2002; 

Marengo, 2005]. The northwestern Amazon is also an extension of the V index region, 

which was defined to describe the moisture transport from the equator to the southern 

Amazon [Wang and Fu, 2002; Petersen et al., 2006]. The South American Monsoon 

System region is very closely related to the South Atlantic Convergence Zone (SACZ) 
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[Vera et al., 2009]. 

 

(a) 

 
(b) 

 
 

Figure 4.2. (a) Map of regions; (b) Spatial mean of seasonal precipitation in the regions; 
standard deviations are denoted by light grey bars. 
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(Figure 4.2b). Over Sama and SAMS, the wet seasons are DJF and MAM, and the dry 

and transition seasons are JJA and SON. In the wet seasons, the difference in 

precipitation across the models is not as significant as in dry seasons.  Most models 

produce reasonable rainfall with mean biases ranging from -1.5 mm d-1 to 1.2 mm d-1.  In 

the dry seasons, CCSM4, HadGEM2-CC, HadGEM2-ES and INMCM4 best simulate 

precipitation while HadCM3, GFDL-CM3, GFDL-ESM2M and IPSL significantly 

underestimate it.  Indeed, GFDL-ESM2M and IPSL have no rain in JJA in Sama.  

Rainfall has the largest discrepancies between models in transition seasons due to the 

strong dry biases in the two GFDL models, IPSL and the two GISS models.   

Over Nama and NWama, seasonal rainfall in CCSM4, the two GISS models, and 

the three Hadley models generally agree with observations.  The two GFDL models, 

HadCM3 and IPSL show dry biases in rainfall by 3 to 4 mm d-1 (25-30%) over the wet 

season and by as much as 4 to 5 mm d-1 (50-80%) during the dry season.  

Generally, models tend to have reasonable standard deviations compared with 

GPCP in Nama and NWama, even those models (the two GFDL models, MPI-ESM, 

IPSL) with a dry bias in the mean rainfall of dry season.  For the latter models, dry season 

rainfall can be zero in Sama and SAMS in the interannually dry years. 

Figure 4.3 shows the distribution of rainrate derived from pentad rainfall in the 

four regions. Results for the GISS-E2-H model are not shown because it does not provide 

daily precipitation. GFDL-ESM2M and IPSL both strongly overestimate the frequency of 

occurrence of pentads with no rain in the four regions (>50% in Sama and SAMS, >40% 

in Nama and >35% in NWama). They also have fewer pentads of strong precipitation 
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(>10 mm d-1 in a pentad) in Nama and NWama. GFDL-CM3 shows more pentads of no 

rain, but has a reasonable simulation of medium precipitation (>5 mm d-1 and <10 mm d-1 

in a pentad) for Sama and SAMS.   

 

 
 

Figure 4.3. Distribution of rates of pentad precipitation in the four regions. 
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SAMS, but shows more pentads with medium and strong rainfall in Nama and NWama.  

The GISS models, similar to the old one GISS-ER [Dai, 2006a; Sun et al., 2006], 

underestimate medium and strong rainrate over the southern Amazon but overestimate it 

over tropical South America. 

Taylor diagrams [Taylor, 2001] are used to compare model performances for the 

annual cycle of precipitation with observations (Figure 4.4).  Overall, the models produce 

better annual cycles of precipitation in Sama and SAMS than in Nama and NWama. 

Rainfall has clear one cycle during a year in Sama and SAMS (Figure 4.2b).  Therefore, 

the correlations between the models and observation in Sama and SAMS are larger than 

0.9.  Two HadGEM2 models (‘G’ and ‘H’) have the least mean square error (MSE) in 

Sama, NWama and SAMS, though they underestimate the standard deviation for NWama.  

CCSM4 and INM-CM4 (‘A’ and ‘K’) are also among the best in Sama. CCSM4 

variability is similar to that of GPCP in all regions except SAMS.  Although the two 

GISS models (‘D’ and ‘E’) perform well in the Sama and SAMS regions, they are among 

the most poorly performing models in Nama and NWama.  The two GFDL models and 

IPSL (‘B’, ‘C’ and ‘J’) also have large discrepancies in Sama and SAMS. IPSL has the 

least MSE in Nama.  The larger standard deviation of GFDL-ESM2M in all the four 

regions is dominated by the dry bias during its dry and transition seasons. 
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Figure 4.4. Taylor diagram quantifying the correspondence between the simulated and 
observed domain-averaged annual cycle of precipitation. The markers are denoted in the 

top left panel. 
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Figure 4.5. Scatter plot of convective precipitation and large-scale precipitation in DJF, 
MAM, JJA, and SON. 
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they generally underestimate large-scale rainfall in all seasons and all four regions.  Over 

the Sama and SAMS regions, models generally overestimate convective rainfall during 

the wet season (DJF and MAM), and underestimate convective rainfall in the dry and 

transition seasons (JJA and SON), even though most models simulate reasonable total 

rainfall (Figure 4.2b).  Over the two northern Amazon regions (Nama and NWama), 

convective rainfall is generally unbiased except for MAM, during which several models 

(the three Hadley models and INM-CM4) overestimate convective rainfall (Figure 4.5).  

Among all the models, the partitioning between convective and large-scale rainfall in 

CCSM4 agrees the closest to that of ERA-Int. 

 In short, the eleven CMIP5 models we evaluated generally capture realistically 

wet season rainfall amounts, although they overestimate convective rainfall and 

underestimate large-scale rainfall.  Over the dry and transition seasons, most of the 

models underestimate rainfall over the four regions, i.e., except for HadGEM2-CC, 

HadGEM-ES, and INM-CM4, but overestimate rainfall associated with the Atlantic and 

eastern Pacific ITCZ.  The low biases are stronger in Sama and SAMS, and weaker in 

Nama and NWama.  Greatest inter-model discrepancy occurs in the transition season for 

all four regions.  Both large-scale and convective rainfall are underestimated. 

 

4.4.2. Evaluation of Surface Energy and Water Balance and Atmospheric Circulation  

A bias of its Atlantic ITCZ in a coupled model could result in a dry bias during 

the dry season in Amazonia [Doi et al., 2012]. A strong Atlantic ITCZ may contribute to 

large divergence over tropical South America [Rao et al., 1996; Li et al., 2006].  In 
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addition, ET influences rainfall change during the transition season in Amazonia [Li and 

Fu, 2004a].  Therefore, rainfall during the dry and transition seasons is sensitive to land 

use change or water stress of the rainforest. Since the main source of water for 

precipitation during dry season is ET and circulation-controlled moisture transport, it is 

crucial to look at the water budget and determine if either or both are biased in some 

models. 

Figure 4.6 shows how different models determine rainfall amounts from ET and 

moisture convergence (MC) in JJA and SON.  HadCM3 does not provide the total 

column water vapor content, so it is not included.  Models with more realistic MC and ET 

generally have more realistic rainfall amounts.  Over Sama and SAMS, most models have 

overestimated moisture divergence during the local dry (Figure 4.6a) and transition 

seasons (Figure 4.6b).  Models that overestimate moisture divergence the most (MPI-

ESM and IPSL or ‘I’ and ‘J’) have the strongest dry bias in rainfall and the lowest ET 

values.  Two GISS models (‘E’ and ‘D’) have reasonable moisture divergence, but they 

significantly underestimate surface ET and rainfall.  Thus, their dry biases are likely 

caused by either insufficient soil moisture storage and a dry atmospheric boundary layer, 

or by errors in their convective scheme that underestimates convective rainfall and so 

causes lower soil moisture and ET (Figure 4.1b).  GFDL-ESM2M (‘C’) and GFDL-CM3 

(‘B’) have biases of MC similar to those of HadGEM2-CC (‘G’) and HadGEM2-ES 

(‘H’), but much lower ET and rainfall amounts.  High ET in the two HadGEM2 models 

appears to compensate the impact of their excessive moisture divergence, and so they are 

able to produce realistic rainfall.  
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 (a) 

 
(b) 

 
 

Figure 4.6. Scatter plot of ET and moisture convergence in (a) JJA and (b) SON. 
Precipitation is color shaded. The unit for ET, MC and Pr is mm d-1. Pentagram 

represents the reference. (A: CCSM3, B: GFDL-CM3, C: GFDL-ESM2M, D: GISS-E2H, 
E: GISS-E2R, F: HadCM3, G: HadGEM2-CC, H: HadGEM2-ES, I: MPI-ESM, J: IPSL, 

K: INM-CM4). 
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In the tropical regions Nama and NWama, about a half of the models overestimate 

ET, but underestimate moisture convergence and thus rainfall.  The two HadGEM2 

models overestimate both moisture convergence and ET, thus overestimate rainfall.  

CCSM4 underestimates MC and overestimates ET during JJA (Figure 4.6a).  Thus, its 

dry bias is likely caused by bias of circulation and consequent MC.  

Whether an underestimate of MC is caused by an overestimate of the strength of 

tropical Atlantic and eastern Pacific ITCZ seem to be model dependent.  For example, in 

some models (the two HadGEM2 models and MPI), MC is not underestimated even 

though the ITCZs are too strong (Figure 4.6b and Figure 4.1a).  In other models 

(CCSM4, the two GFDL models, the two GISS models), MC is underestimated.  Thus, 

too strong ITCZs over adjacent oceans are not always a cause for dry bias of rainfall over 

Amazonia.  MC in the SAMS region is mainly influenced by the South Atlantic 

Convergence Zone (SACZ) [Vera et al., 2009] and is not directly influenced by tropical 

ITCZs. 
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Figure 4.7 continued next page. 
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(c) 

 
 
 
(d) 

 
 

Figure 4.7. Spatial mean of (a) surface net solar radiation, (b) surface net radiation, (c) 
surface latent flux, and (d) sensible flux.  The grey bars represent the standard deviation. 
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(a) 

 
(b) 

 
 

Figure 4.8. Scatter plot of (a) JJA latent heat flux and SON total precipitation, and (b) 
SON latent heat flux and JJA total precipitation. 
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4.7b).  Latent flux is generally realistic during DJF and MAM, except for its overestimate 

by the two GISS models and by INM in all four regions (Figure 4.7c).  During JJA, latent 

flux generally agrees with that of reanalysis over Nama and NWama, but is 

underestimated by 20% to 40% in CCSM4, the two GFDL models, the two GISS models, 

IPSL and INM.  During SON, latent flux is underestimated by 20-60% in the two GFDL 

models and in MPI and IPSL in all four regions.  As expected by surface energy balance, 

the models that underestimate surface latent flux overestimate surface sensible flux 

(Figure 4.7d), since surface solar flux and net radiative flux (Figure 4.7a and 4.7b) are 

overestimated. 

To evaluate the role of land surface feedback in determining rainfall during the 

dry and transition seasons, we evaluate pre-seasonal latent heat vs. rainfall to determine 

sensitivity of rainfall to the land surface.  Figure 8a shows that the higher is the JJA latent 

heat, the larger is the SON precipitation, i.e., the latent flux in the dry season can 

influence rainfall during the transition season [Li and Fu, 2004a]. In Sama and SAMS, 

the three Had-models are closest to the observations, whereas GFDL-ESM2M and IPSL 

show least agreement with observations.  In SAMS, the differences in JJA latent heat 

between the three Had-models are not followed by plausible large differences in SON 

rainfall, because the occurrence of rainfall is more connected to moisture transport in this 

monsoon core area. Figure 4.8b shows a positive correlation between JJA precipitation 

and SON latent heat even in SAMS, which implies a positive land-atmosphere feedback 

in coupled models during the dry and transition season. 
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Figure 4.9. Seasonal mean of 200 hPa zonal winds. (A: CCSM3, B: GFDL-CM3, C: 
GFDL-ESM2M, D: GISS-E2H, E: GISS-E2R, F: HadCM3, G: HadGEM2-CC, H: 

HadGEM2-ES, I: MPI-ESM, J: IPSL, K: INM-CM4). 
 

Figure 4.9 shows the seasonal mean of the 200 hPa zonal winds. In SON, several 

models including GFDL-ESM2M, the two GISS models, IPSL and INM-CM4 miss the 

weak westerly tongue from the tropical Pacific extending to eastern South America. The 

overestimated westerly winds implies a weaker cold air incursions in these five models, 

which can contribute to their lack of northwest-southeast advancement of rainfall in SON 

in these five models.  

During DJF, the weak westerly wind area, representing the anticyclonic center, is 

overestimated over most of the models, except for IPSL, which underestimates the extent 

of its area.  During MAM, the southern hemisphere subtropical jets are realistically 

represented in GISS-E2R, the three Had models and IPSL.  The jets are too poleward in 

CCSM4, the two GFDL models, GISS-E2H and MPI.  During JJA, the southern 

hemisphere subtropical jets are well represented by most of the models, except for 

CCSM4 and GFDL-ESM2M.   

 To summarize our results in this sub-section, the CMIP5 models we evaluated 
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have reasonably well captured the observed large-scale circulation pattern during wet and 

dry seasons (DJF, MAM and JJA).  During SON, i.e., the transition from dry to wet 

season, the models with large dry biases in rainfall show unrealistically strong 200 hPa 

westerly zonal winds over Amazonia (GFDL-CM3, GFDL-ESM2M and IPSL), implying 

weaker incursions of extra-tropical disturbances, which in turn reduce rainfall over the 

Amazon [Garreaud and Wallace, 1998; Li et al., 2006].  Surface solar flux and net 

radiation are overestimated by 10 – 100% in most of the models in all seasons over the 

entire Amazon and SAMS regions, suggesting a significant underestimate of cloudiness 

and perhaps aerosols.  Excessive net radiation is balanced by excessive sensible flux at 

the surface in most of models, except for the two GISS models.  The overestimate of 

sensible flux is stronger during dry and transition seasons, when latent flux is 

underestimated in most of the models, except for CCSM, HadGEM2-CC and HadGEM2-

ES and INM models.  This combination of high bias in surface sensible flux and low bias 

in surface latent flux leads to strong overestimates of surface Bowen ratio, with 

convection suppressed during the dry and transition seasons [Li and Fu, 2004a].  The dry 

biases of rainfall are well correlated with low biases of surface latent flux (or high bias in 

sensible flux and Bowen ratio) and lack of large-scale moisture convergence in models.  

Positive correlation between JJA surface latent flux and SON rainfall and JJA rainfall 

with SON surface latent flux in models suggest that dry biases in surface latent flux soil 

moisture feedback and rainfall can re-enforce each other through a positive soil moisture 

feedback.  
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Figure 4.10. Correlation between 4-season Nino3, Nino4, AMO, tropical Atlantic SST 
Gradient and precipitation in DJF and MAM in (a) Sama, (b) Nama, (c) NWama, and (d) 

SAMS. The green stars indicate the correlations are significant based on the 95% 
confidence level. 

 

4.4.3. Evaluation of Rainfall Variability and Its Connection to Oceanic Forcings 

Observations suggest that the influence on rainfall variability, including droughts, 

over the Amazon by ENSO, the inter-hemispheric SST gradient in the tropical Atlantic 

and AMO [Moura and Shukla, 1981] is mainly during DJF and MAM [Liebmann and 

Marengo, 2001a; Marengo et al., 2001a]. Doi et al. 2012 shows a bias in the Atlantic 

ITCZ could induce a dry bias in the dry season over the Amazon for the GFDL model.  

Thus, we evaluate how well the CMIP5 models can simulate the sensitivity of Amazonian 

rainfall to its oceanic sources of interannual and decadal variability.   
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Figure 4.10 shows the correlation between precipitation and Niño 3, Niño 4, 

AMO and AtlG in the wet seasons (DJF, MAM).  Four models (GFDL-ESM2M, 

HadGEM2-CC and HadGEM2-ES and ISPL) can capture the relationships between 

precipitation and the Niño 3 and Niño 4 index, respectively.  CCSM4 can capture these 

relationships over Nama (Figure 4.10b), but not over NWama (Figure 4.10c).  However, 

these models also exaggerate relationships between rainfall in these regions and AMO 

and AtlG, respectively.   

Over Sama, observations show significant correlation during DJF and MAM 

between rainfall anomalies in this region and the Niño3 index and with AtlG (Figure 

4.10a). The models (CCSM4, the two GFDL models, and HadCM3) that capture the 

correlation with ENSO in DJF and MAM, tend to miss the correlation with AtlG, whereas 

the models that capture the relationship with AtlG (GISS-E2R, HadGEM2-ES, and MPI) 

tends to miss the correlation with ENSO.  Only IPSL and INM capture both of these 

relationships suggested by observations.   

Over the SAMS region, while half of the models (GFDL-ESM2M, HadCM3, 

HadGEM2-CC, IPSL and INM) capture the correlation between rainfall anomalies in this 

region and Nino3 in MAM, they exaggerate the relationship in DJF (Figure 4.10d).  Most 

of the models capture the relationship in SAMS between rainfall in this region and AtlG. 
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Figure 4.11. RMSE ranking of precipitation, U850, V850, GH500, U200, Latent heat, 
sensible heat, net solar radiation, moisture convergence, Nino3, Nino4, AMO, tropical 

Atlantic SST Gradient. The cross signs indicate the total water vapor change is not 
provided as an output variable by HadCM3. 

 

In general, about half of the CMIP5 models we evaluated (the two GFDL models, 
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the two HadGEM2, IPSL and INM models) capture, but exaggerate, the relationship 

between the regional rainfall anomalies and the Niño3 and Niño4 indices.  The same 

model groups, along with CCSM4, also capture the relationship between rainfall 

anomalies over the Sama and SAMS regions and AtlG, but they exaggerate the 

relationship between rainfall anomalies over northern Amazon (Nama and NWama) and 

AtlG.  Over northern Amazon (Nama, NWama), about half of the models (CCSM4, the 

two GFDL models, two HadGEM2 models and IPSL) show a spurious relationship 

between rainfall anomalies and AtlG.  Roughly the same group of models (GFDL-CM3, 

HadGEM2-CC, HadGEM2-ES, MPI, and INM) also shows simply exaggerated 

relationship between regional rainfall and AMO.  

 

4.5. Metrics Evaluation 

This section examines how well the simulation of CMIP5 models compare with 

observations of rainfall and other variables shown above.  To assess the model 

performance relative to the reference observations, we use simple and popular statistical 

measures of model fidelity.  One is the root-mean square error (RMSE) for a simulated 

field M corresponding to a reference O [Gleckler et al., 2008].  Since the regions in this 

study are not large enough to get sufficient samples to determine RMSE of spatial 

pattern, we only use RMSE to account for errors in time series.  Therefore, we apply 

RMSE to the mean seasonal cycle, and it is calculated as follows: 

𝑅𝑀𝑆𝐸 = !
!

(𝑀!
!,! − 𝑂!

!,!)!     (3) 
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The index t corresponds to the time dimension, and T is the total time steps, i.e., 

12 months. In order to have RMSE for all variables on the same scale and to make easy 

comparisons, Figure 4.11 shows by color the rank of RMSE for each variable.  Overall, 

HadGEM2-ES is the best model in most variables especially surface conditions and 

atmospheric circulation in all the four regions.  The smallest errors of these processes 

could result in its best performance for rainfall simulation. The HadGEM2-ES does not 

necessarily have the most reasonable SST indices compared with observations, and its 

relationships between these SST indices and rainfall are not as strong as in some other 

models. HadGEM2-CC has better surface conditions while its atmospheric circulation 

and SST indices are worse, which suggests the significance of SST bias on influencing 

the rainfall simulation. GFDL-ESM2M has overall the largest RMSE for rainfall, both 

large-scale and convective. GFDL-CM3 and IPSL have large RMSE in Sama and SAMS. 

Although GFDL-CM3 is reasonable in simulating Niño 4, AMO, AtlG and moisture 

convergence, some other variables particularly the MC and surface fluxes are not well 

reproduced.  

 

4.6 Discussion 

4.6.1. How Does CMIP5 Perform Compared with CMIP3? 

Figure 4.1a shows that most CMIP5 models still have dry bias in the dry season 

(JJA) as was the case in CMIP3 models.  However, we can see that CMIP5 has some 

improvements. For instance, GFDL-CM3 has increased precipitation in tropical South 

America compared with the old version GFDL-CM2.0 [Vera et al., 2006], although it is 
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still too dry.  This improvement is mainly due to new treatments of aerosol indirect effect 

and deep and shallow cumulus convection in the new atmosphere model (AM3) [Donner 

et al., 2011].  GFDL-ESM2M, still have a dry bias in the dry season, despite its using a 

new version of land model.  Most CMIP5 models have more annual mean rainfall in the 

southern Amazon than their CMIP3 versions [Li et al., 2006].  The new models also tend 

to have standard deviations of rainfall more similar to those of the observations (Figure 

4.2b) than the old ones [Vera and Silvestri, 2009], especially in the wet seasons.  

However, the dry bias in the dry season still remains as the major issue in most of the 

models.  The GISS models still has too strong an Atlantic ITCZ, while they underestimate 

rainfall amount over central South America throughout the year.  IPSL still lacks rainfall 

in the dry and transition seasons over the southern Amazon, similar to its old version 

[Vera et al., 2006]. 

 

4.6.2. What Causes the Dry Bias of Rainfall over Amazonia in CMIP5 Models?  

The results in Section 3.2 suggest that large-scale circulation in most of the 

models is generally well simulated over South America during the dry season.  Thus, it is 

probably not the main cause of the dry bias occurring then.  Recall that the net surface 

radiative flux is overestimated all year round, and is balanced by excessive surface latent 

flux during the wet season.  The latter in turn cause excessive soil moisture loss during 

the wet season, hence reduced soil moisture storage that reduces latent flux and increases 

sensible flux during the subsequent dry season.  These biases of surface latent and 

sensible fluxes would reduce dry season rainfall, further exacerbating surface dry biases 
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through a positive soil moisture feedback.  Dry biases in rainfall, together with 

underestimated cloudiness, can enhance atmospheric longwave cooling and 

compensational subsidence, which in turn causes excessive moisture divergence, and 

further suppresses rainfall.  These positive feedbacks between land surface latent flux, 

rainfall, atmospheric radiation and large-scale circulation are likely responsible for the 

dry biases in most of the models.  Underestimated cloudiness not only initiates these 

feedbacks during the wet season, but also enhances them during the dry season through 

increase of surface Bowen ratio and atmospheric radiative cooling. 

In the models without dry biases, e.g. HadGEM2-CC, HadGEM2-ES, CCSM and 

INM, these positive feedbacks were circumvented in part by excessive wet season 

rainfall, which balances excessive latent flux.  In CCSM4, ground water is used to 

maintain soil moisture storage, which effectively provides an unlimited soil water supply 

and high latent flux during the dry season. 

 During the transition season (SON), weak incursions of extratropical fronts, as 

suggested by excessively strong upper tropospheric westerly winds, likely contribute to 

the strong dry biases, in addition to the dry biases induced by excessive surface radiation 

in GFDL-CM3, GFDL-ESM2M, GISS-E2H, GISS-E2R and IPSL.  

 

4.6.3. Uncertainty of the Results 

 Since rainfall is a non-linear output influenced by various processes including 

both large-scale and local conditions, biases in the processes could be very crucial for 

rainfall simulations in the CMIP5 models. Large uncertainties in SST and surface fluxes 
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in Amazonia have been reported for CMIP3 coupled models in previous IPCC AR4 and 

related studies [Li et al., 2006; IPCC, 2007; Yu and Kim, 2010], and they still remain in 

the current generation of GCMs. One way to reduce the noise-to-signal ratio is to run as 

many ensembles as possible for simulations [Deser et al., 2010]. However, due to 

tremendous expense of running GCMs, not all the centers around the world could finish 

at least 5 ensembles for a single experiment. Only six out of eleven models in this study, 

shown in Table 4.1, give at least 5 ensembles for the historical experiment, and even 

fewer ensemble members were determined for future projections.  Another important 

limitation is the resolution when it is important for topography and subgrid scale 

parameterizations. Evaluation of the influence of the uncertainties and differences in 

model design is beyond the scope of this study. 

Several model studies also pay attention to the land use change in Amazonia and 

its potential influence on rainfall [Lee et al., 2011; Medvigy et al., 2012]. For example, 

Lee et al. 2011 indicates that the vegetation and land use can be more important than 

remote SST forcing for the rainfall change in the southern Amazon region, particularly in 

the dry season. Since surface ET is crucial for the wet season onset and rainfall in the dry 

and transition seasons [Li and Fu, 2004a], reduced vegetation coverage as a result of land 

use change could lead to a decrease in surface ET and thus rainfall. While tropical 

Atlantic warming is demonstrated to be partly responsible for the decrease in dry season 

rainfall in Amazonia [Marengo et al., 2011], land use change and increased deforestation 

[Toomey et al., 2011] can exacerbate Amazonian rainfall change and induce more 

extreme drought events in the 21st century. The reasonable incorporation of such regional 
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impacts in the models may improve estimates of the surface moisture and heat flux. 

 

4.7. Conclusions 

We have evaluated the performance of the eleven CMIP5 models for historical 

rainfall seasonality over Amazonia by comparing them to the GPCP and CMAP rainfall 

datasets, the ERA-Interim reanalysis product and NOAA/NCDC SST.  The results show 

that the eleven models we evaluated adequately simulate the patterns of annual cycles in 

Sama and SAMS, but have a large range of performance in Nama and NWama.  

The results show that these models generally capture the total rainfall amount 

during the wet season (DJF and MAM) over the entire Amazon and SAMS.  During the 

dry and transition seasons (JJA and SON), most of the models underestimate total rainfall 

except for the HadGEM2-CC, HadGEM2-ES, CCSM4 and INM-CM4.  The dry biases 

are strongest in southern tropical South America. 

HadGEM2-CC and HadGEM2-ES generally capture the spatial distribution of 

rainfall over the Amazon basin during all seasons. During the transition season, the three 

Hadley models, CCSM4 and MPI-ESM realistically capture the northwest-southeast 

advancement of rainfall in South America that may be linked to the strength and location 

of subtropical jet, whereas the other models show a dry season rainfall pattern that leads 

to underestimation of rainfall during the transition season.   

Except for the two GISS models (GISS-E2H and GISS-E2R), all others 

underestimate large-scale rainfall during all seasons.  These models generally 

overestimate convective rainfall during the wet season and underestimate it during the 
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dry and transition seasons.  The two GISS models tend to have more large-scale rainfall 

than convective precipitation, possibly in part due to their lower resolution relative to 

other models.  The two HadGEM2 models realistically capture the distribution of 

rainrate, as also for CCSM4 and INM-CM4 to a lesser extent.  Other models tend to 

overestimate the occurrence of no rain events and moderate rainrate events.  For example, 

GFDL-ESM2M and IPSL show too many pentads with no rain in the four regions (>50% 

in Sama and SAMS, >40% in Nama and >35% in NWama), and too few pentads with 

strong rainfall in Nama and NWama.  

Overall, HadGEM2-CC and HadGEM-ES most realistically capture the spatial 

and seasonal distributions, as well as distribution of rainrate in all the regions of our 

analysis. 

To investigate the possible reasons for rainfall bias in different seasons over 

Amazonian regions, we have examined surface conditions, atmospheric circulation, SST 

forcings and water budgets.  In the dry and transition seasons, both less moisture 

convergence or more divergence and lower surface ET are responsible for an 

underestimate of rainfall.  The underestimate of MC by some models (CCSM4, GFDL-

CM3, and the two GFDL models) is connected to, and is probably caused by, excessive 

rainfall over the tropical Atlantic or/and eastern Pacific ITCZs.  Other models (the two 

GISS models for Sama and SAMS) have realistic MC so that low ET accounts for their 

underestimate of dry season rainfall.  

 Surface solar and net radiative fluxes are overestimated during all seasons and 

over all four regions.  Surface sensible fluxes are generally overestimated, compensating 
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for their excessive net surface solar radiation and leading to high Bowen ratios.  During 

dry and transition seasons, the high bias in surface sensible flux and Bowen ratio reduces 

surface latent flux and may suppress rainfall, leading to underestimation.   

 The westerly 200 hPa zonal wind over the southern Amazon region is excessively 

strong during the transition season (SON) in some of the models with dry bias that fail to 

capture the southeast spread of the rainy area (the two GFDL models and IPSL).  This 

connection suggests that these excessively strong westerly winds weaken incursions of 

the extratropical synoptic disturbance, and so underestimate rainfall during the transition 

season. 

The evaluation of correlation coefficients between regional rainfall anomalies and 

the interannual and decadal oceanic variability indices suggest that about half of the 

CMIP5 models (the two GFDL models, the two HadGEM2, IPSL, and INM models) 

capture, but exaggerate, the relationship between the regional rainfall anomalies and the 

Niño3 and Niño4 indices.  The same groups of models, along with CCSM4, also capture 

the relationship between rainfall anomalies over Sama and SAMS regions and AtlG, but 

exaggerate the relationship between rainfall anomalies over the northern Amazon (Nama 

and NWama) and AtlG, and also show a spurious relationship between rainfall anomalies 

and AtlG.  The rest of CMIP5 models do not show significant correlations between their 

rainfall variability over Amazonia and the SAMS region, or Niño and AtlG.  

We also have used RMSE and correlations to rank model performance for 

precipitation and related physical processes. HadGEM2-ES outperforms other models in 

most variables especially surface conditions and atmospheric circulation in all four 
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regions. GFDL-ESM2M has only one ensemble member; thus its has a high RMSE and 

its output could be dominated by random internal variability.  

 Dry biases during the dry and transition seasons still exist in the majority of the 

models and appear to be caused by three factors. First, excessive surface solar radiation, 

which exists even in the models that overestimate rainfall, persists through all seasons, 

presumably due to underestimate of cloudiness.  During dry seasons, to balance excessive 

net radiation at the surface, sensible flux, thus Bowen ratio, have to increase.  These 

biases would reduce lifted moisture in the atmospheric boundary layer and suppress 

convection.  Second, in some models, excessively strong ITCZs over the tropical Atlantic 

and eastern Pacific could cause unrealistically strong moisture divergence and low cloud 

amounts over Amazonia (e.g., the two GFDL models).  These biases would contribute to 

a dry bias of rainfall in these models.  Third, an overestimate of upper tropospheric 

westerly winds in the two GFDL models and IPSL, may lead to an underestimate of 

incursions of extratropical synoptic disturbances during the transition season (SON), and 

cause dry bias in rainfall. 
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CHAPTER V 

ON THE LINK BETWEEN LOW-LEVEL WINDS AND AMAZON 

RAINFALL BIASES IN GFDL MODELS 

 

5.1. Abstract 

 The systematic dry bias in the dry season over the Amazon remains in climate 

models, while the wet season bias has been significantly reduced.  The comparison 

between uncoupled and coupled Geophysical Fluid Dynamics Laboratory (GFDL) 

models indicates that the Amazon dry season dry bias in coupled models is not simply 

originated from the cold sea surface temperature (SST) bias in western tropical Atlantic 

suggested by previous studies.  Coarser resolution underestimates the northern Andes by 

more than 500 m, and the difference is important for low troposphere moisture transport.  

A decomposition of moisture flux convergence indicates the bias in zonal wind gradient 

(i.e. the zonal dynamic component) dominates the bias in total moisture flux 

convergence, and it is mostly contributed by the moisture outflow from the western 

Amazon to eastern Pacific.  Thus, the presence of the northern Andes in real world acts as 

a blocking effect to trap water vapor transported from tropical Atlantic in the Amazon 

basin.  Part of the moisture veers to the southern Amazon carried by the South American 

Low-Level Jet (SALLJ).  Prominent overestimates of low-level zonal winds over eastern 

Pacific and a lack of the SALLJ well support the mechanism of topography effect on 

moisture convergence.  The bias in low-level zonal winds over eastern Pacific leads the 

Amazon rainfall bias by 1-2 pentads (5-10 days).  The analysis across nine GFDL models 
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indicates the improvement of dry season rainfall in the Amazon from 1° to higher 

resolutions is negligible while the topography effect is important from 2° to 1°.  A further 

investigation on the positive feedback between reduced cloudiness, too much surface 

solar radiation, high Bowen ratio, and suppression of rainfall using at least 1° 

atmosphere-only model is needed to understand the remaining dry bias. 

 

5.2. Introduction 

As the largest rainforest region in the world, the Amazon is crucial for 

understanding its contribution to global carbon budget and climate change as a tipping 

point [Lenton et al., 2008; Asner, 2009; Phillips et al., 2009].  The systematic dry bias 

over the Amazon has been recognized as an issue in General Circulation Models (GCMs) 

since the Third Assessment Report by Intergovernmental Panel on Climate Change (IPCC 

TAR, IPCC [2001]), and it is still one of the biggest issues remaining in the current 

generation of GCMs [IPCC, 2013; Mueller and Seneviratne, 2014].  This bias impedes 

our effort to investigate the potential impacts of the Amazon rainforest on global climate.  

Thus, it is particularly important to understand the dry bias and its possible causes before 

scientists use model experiments to explore many intriguing scientific questions related 

to the Amazon. 

Many efforts have been made to improve model performance from the Couple 

Model Intercomparison Project Phase 3 (CMIP3) to Phase 5 (CMIP5) [e.g. Good et al., 

2013; Joetzjer et al., 2013].  The wet season rainfall bias over the Amazon has been 

largely reduced for the majority of the models [Yin et al., 2012].  However, the CMIP5 
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historical simulations still show a pervasive underestimate of Amazon rainfall during the 

dry season [Yin et al., 2012; Joetzjer et al., 2013; Sierra et al., 2015].  Particularly, GFDL 

models produce only around 1 mm/d rainrate in the Amazon dry season (June, July and 

August, JJA) while the observation can have more than 3 mm/d rainrate in the same 

period.  Richter et al. [Richter et al., 2011; Richter et al., 2012b] proposed a positive 

feedback between Amazon rainfall bias, westerly wind bias on the equator, cold SST bias 

in western tropical Atlantic in boreal spring and summer.  Doi et al. [2012] used GFDL-

CM2.1 (the old version coupled model) and CM2.5 (the high resolution coupled model) 

and concludes that the rainfall deficit in northern South America is linked to meridional 

migration of the Inter-Tropical Convergence Zone (ITCZ) and involves coupled feedback 

with the sea surface temperature (SST) pattern.  However, the GFDL atmosphere-only 

model (AM3) with prescribed SST still shows a dry season dry bias in the Amazon, 

although the bias in annual mean rainfall is not clearly identified [Donner et al., 2011].  

Thus, investigation of atmospheric condition biases in addition to SST bias that 

contributes to the Amazon dry season dry bias is further needed. 

 In this paper, we compare coupled and uncoupled models and investigate how 

increasing resolution in uncoupled models can influence the dry season dry bias in the 

Amazon.  Section 2 briefly describes the observation data sets and the models and 

demonstrates the method to decompose the moisture flux convergence. In section 3, we 

explore how the low-level wind bias connects to the try bias in the Amazon and discuss 

the blocking effect of the northern Andes.  Section 4 is for summary and discussions. 
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5.3. Data and Methodology 

5.3.1. GFDL Model Simulations 

The models mainly used in this paper are CM3 with a 2° × 2° grid (CM3-2deg) 

and AM3 with 2° × 2° and 1° × 1° grids (AM3-2deg and AM3-1deg).  CM3-2deg is the 

GFDL coupled model participated in CMIP5, and AM3-2deg is the GFDL model with 

prescribed SST participated in the Atmospheric Model Intercomparison Project (AMIP) 

that is now an integral part of CMIP5 [Donner et al., 2011; Griffies et al., 2011].  Other 

models are only used in Figure 5.9, including a similar AM3 with 0.5° × 0.5° grid 

(AM3Like-0.5deg), two High-Resolution Atmosphere Models (HiRAM-0.5deg, HiRAM-

0.25deg), the old AM2 (AM2p14-2deg), and two Earth System Models (ESM2G, 

ESM2M).  HiRAM was developed based on AM2 [GAMDT, 2004] and has been used for 

quite a few studies [Zhao et al., 2009; Zhao and Held, 2010].  ESM2G and ESM2M 

incorporate interactive biogeochemistry, including the carbon cycle [Dunne et al., 2012; 

Dunne et al., 2013], and they only differ in the physical ocean component.  ESM2G 

makes use of isopycnal coordinate ocean model, while ESM2M makes use of a depth 

coordinate ocean component [Winton et al., 2013].  HiRAM and ESMs are all 

participated in CMIP5. 

 

5.3.2. Reference Data 

The Global Precipitation Climatology Project (GPCP) Version 2.2 provides 

combined monthly precipitation products [Adler et al., 2003].  We also used the GPCP 

v1.0 pentad precipitation product [Xie et al., 2003].  Outgoing Longwave Radiation (OLR) 
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indicates cloud top, and the product is provided by the NOAA/Earth System Research 

Laboratory/Physical Sciences Division using spatial and temporal interpolation from June 

1974 to the present [Liebmann and Smith, 1996].  NOAA Optimum Interpolation (OI) 

SST v2 high-resolution dataset provides daily SST from 1981 to the present on a 0.25° × 

0.25° global grid [Reynolds et al., 2002].  Wave and Anemometer-based Sea Surface 

Wind (WASWind) by University of Hawaii provides the ocean surface wind stress 

dataset [Tokinaga and Xie, 2011].  It has been constructed from the International 

Comprehensive Ocean-Atmosphere Data Set (ICOADS) and strengthened with bias 

correlations for the ship-based wind measurement.  It has monthly resolution on a 4° × 4° 

grid from 1950 to 2009.   

Zonal wind, meridional wind, specific humidity, surface pressure and height, and 

sea-level pressure (SLP) are from the ECWMF ERA-Interim reanalysis data [Dee et al., 

2011].  It has been demonstrated as the best among the three state-of-art reanalysis 

products for the Amazonian region [Lorenz and Kunstmann, 2012].  Due to its reasonable 

terrestrial water balance, we compare it with the model results for atmospheric moisture 

convergence terms. 

 

5.3.3. Decomposition of Moisture Flux Convergence 

 The vertically integrated moisture flux convergence is simply P – E when the 

atmospheric water vapor storage can be ignored from the water budget when the time is 

adequately long (Trenberth et al. 2007) and can be expressed as equation (1): 
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      (1) 

where  is the density of water vapor, g is the gravity acceleration, P is precipitation, E 

is evaporation, q is specific humidity, and  is wind vector. 

 The total moisture flux is the sum of stationary and transient fluxes, but the 

transient flux convergence only accounts for less than 10% of the total moisture flux 

convergence for the Amazon region using ERA-Interim (not shown) and can be 

neglected: 

     (2) 

The stationary moisture flux convergence can be further decomposed into 

dynamic (controlled by wind convergence) and thermodynamic (controlled by humidity 

convergence) components [Bollasina et al., 2013; Li et al., 2013].  This decomposition is 

expressed in Equation (3): 

    (3) 

 An alternative way to decompose the stationary moisture flux convergence can be 

done by calculating the moisture inflow and outflow at the boundaries of the domain 

[Palmén and OHolopaoinen, 1962; Rasmusson, 1967; Arias et al., 2010].  The equation 

is expressed as: 
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  (4) 

where  and  are moisture inflow from west and 

east boundaries, respectively;  and  are 

moisture inflow from south and north boundaries, respective.  A is the rectangular domain 

area. 

 The two ways of decomposition of moisture flux convergence can help 

understand whether the horizontal gradient of wind or that of specific humidity can 

largely contribute to the Amazon dry season dry bias, and to quantify that the moisture 

transport from which boundary is important for the bias. 

 

5.4. Results 
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and the wet season in December-April.  The observation demonstrates that the wet season 

rainfall is >7 mm/d and the dry season has lowest rainrate of 3.4 mm/d in August.  CM3-

2deg underestimates rainfall in both the dry and wet seasons, with the largest dry bias 

of >3 mm/d in February and >2.5 mm/d in September.  The same spatial resolution AM3 

largely reduced the dry bias in the wet season with less than 1 mm/d difference in 

February-March.  However, the dry bias in the dry season is still large, despite of some 

reduction.  The difference is around 1.5 mm/d in August.  AM3-1deg further reduced the 

dry bias in the dry season with less than 1 mm/d difference in August.  This paper aims to 

understand what is the source of the reduced more than 50% dry season dry bias and the 

remaining less than 1 mm/d dry bias. 

 

 

 
Figure 5.1. Annual cycle of the Amazon rainfall in GPCP, CM3-2deg, AM3-2deg, and 
AM3-1deg.  The domain box is defined as the rectangular region of 70°-50°W, 15°S-

5°N. 
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Figure 5.2 shows the spatial pattern of rainfall and 850 hPa wind observed 

climatology and biases for the three models in JJA season.  GPCP indicates that the ITCZ 

in boreal summer is located in 5-10°N in eastern Pacific and western Atlantic and shifts 

southward to near equator in the South American continent.  The winds in the lower 

troposphere bring moisture from tropical Atlantic, veer to the northern Amazon, and 

converge with the cross-equatorial flow from northern Atlantic.  Due to the presence of 

the northern Andes, the lower tropospheric winds decelerate and create a convergence in 

the northern Amazon in coincidence with the location of maximal precipitation in this 

region.  Part of the convergence in the southern Amazon veers to the south as the South 

American Low-Level Jet (SALLJ) and carries some moisture to the La Plata basin.  

CM3-2deg shows a clear dry bias in the tropical South America and Central America in 

company with a wet bias in the tropical Atlantic (Figure 5.2d).  The dry bias is closely 

related to the absence of the low-level wind deceleration in the adjacent ocean of the 

northern Andes.  AM3-2deg reduces the dry bias in Central America, but the reduction in 

the northern Amazon is not discernable and the wet bias in tropical Atlantic is even larger 

(Figure 5.2c).  The 850 hPa wind bias in eastern Pacific is still very large.  In Figure 5.2b, 

AM3-1deg shows a reduction of the dry bias in the Amazon, although the bias is still 

present.  At the same time, eastern Pacific shows a smaller bias in the low-level zonal 

winds.  Thus, the rainfall bias in the northern Amazon is related to the wind convergence 

induced by the wind deceleration due to the northern Andes. 
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Figure 5.2. (a) Climatology of rainfall (shaded) in GPCP and 850 hPa wind (arrows) in 
ERA-Interim in JJA and their biases in (b) AM3-1deg, (c) AM3-2deg, and (d) CM3-

2deg. 
 

We further examined the spatial pattern of moisture flux and its divergence in JJA 

in Figure 5.3.  ERA-Interim indicates that the pattern of moisture flux divergence 

resembles that of GPCP rainfall in the tropics and is closely related to the direction of 

moisture flux.  The northern Andes also decelerate moisture transport from the Amazon 

to eastern Pacific.  CM3-2deg shows more moisture flux divergence along the northern 

Andes, and this bias is consistent with more moisture export to the eastern Pacific.  While 

AM3-2deg shows a similar pattern with CM3-2deg, AM3-1deg largely reduces the bias 

in moisture flux divergence over the Amazon. 
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Figure 5.3. (a) Climatology of Moisture flux divergence (MFD, shaded) and moisture 
flux (arrows) in ERA-Interim in JJA and their biases in (b) AM3-1deg, (c) AM3-2deg, 

and (d) CM3-2deg. 
 

The average moisture flux convergence in JJA in the Amazon indicates AM3-

2deg has very small reduction in the bias, but AM3-1deg has around 50% bias reduction 

(Figure 5.4).  The decomposition of vertically integrated moisture flux convergence 

through Equation (4) indicates the moisture flux convergence is mainly contributed by 

the moisture inflow from the east boundary and outflow to the west boundary.  The south 

and north boundaries have relatively weak moisture outflow.  CM3-2deg shows smaller 

inflow from the east and larger outflow to the west.  Although AM3-2deg shows even 

larger moisture inflow than ERA-Interim, it has much larger outflow to the west.  AM3-

1deg captures reasonable inflow from the east and shows less outflow bias in the west 
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boundary.  These results are consistent with the moisture flux biases indicated in Figure 

5.3. 

 

 
 

Figure 5.4. Total moisture inflow (positive) or outflow (negative) at the four boundaries 
of the Amazon in JJA.  The domain box is defined as the rectangular region of 70°-50°W, 

15°S-5°N. 
 

 
 

Figure 5.5. The profiles of the biases in dynamic and thermodynamic components of 
moisture flux convergence (MFC) in (a) AM3-1deg, (b) AM3-2deg, and (c) CM3-2deg. 
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Figure 5.6. Hovmöller diagram of the biases in pentad rainfall, OLR, U850 over eastern 
Pacific, and U850 over western Atlantic (averaged between 10°S and 5°N) for AM3-2deg 

(upper panels) and CM3-2deg (lower panels). 
 

A further decomposition of the moisture flux convergence into the individual 

components by Equation (3) indicates that the biases in the two dynamic components 
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especially due to the large zonal wind divergence under 700 hPa (Figure 5.5).  The biases 

due to the specific humidity gradients are of secondary importance.  In CM3-2deg, the 

largest bias in −q ⋅ ∂u
∂x

 occurs at 850 hPa and is -0.18 s-1, while the largest bias in −q ⋅ ∂v
∂y

 

occurs at 775 hPa and is 0.1 s-1.  This is consistent with that larger anomalous moisture 

export from the western Amazon to eastern Pacific and thus less change in wind direction 

to the north and south (i.e. more convergence in −q ⋅ ∂v
∂y

; see Figure 5.2).  In AM3-2deg, 

the largest bias in −q ⋅ ∂u
∂x

 is reduced to -0.13 s-1, while the largest bias in −q ⋅ ∂v
∂y

 is 

reduced to 0.6 s-1.  Although the sum of the biases in the two dynamic components has 

little reduction, inducing little change in the dry bias, each of the two biases has been 

reduced.  In AM3-1deg, the largest bias in −q ⋅ ∂u
∂x

 is further reduced to -0.08 s-1, while 

the largest bias in −q ⋅ ∂v
∂y

 is reduced to 0.04 s-1.  The more than 30% bias reduction in the 

dynamic components of moisture fluxes convergence from AM3-2deg to AM3-1deg well 

supports the reduction of the rainfall bias in the Amazon.  It is worth to mention that the 

bias in the thermodynamic components has also been reduced in AM3-1deg. 
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Figure 5.7. Hovmöller diagram of the biases in SST (shaded) and SLP (contour) over 
eastern Pacific and western Atlantic (averaged between 10°S and 5°N) for CM3-2deg. 

 

5.4.2. Low-level Zonal Wind Bias over Eastern Pacific Leads Rainfall Bias 

 Figure 5.6 shows the Hovmöller diagram of the biases in pentad rainfall, OLR 

over the tropical South America sector, and zonal wind at 850 hPa (U850) over eastern 

Pacific and western Atlantic (averaged between 10°S and 5°N) for AM3-2deg and CM3-

2deg.  For AM3-2deg, the dry bias mainly occurs during the dry season of June-October 

and the bias is between 1-3 mm/d. Biases outside the longitudinal range of 70°-50°W (i.e. 

the Amazon) are much smaller.  The bias in OLR, an alternative way to reflect cloud top 

and rainfall amount, has similar pattern with the rainfall bias except in June-December in 

eastern Pacific.  This is possibly due to the bias in orography-induced clout height or due 

to weaker subsidence caused by weaker Amazon rainfall.  The low-level zonal wind bias 

SST (EastPacif)

 

 

−1

−0.5

0

0

110W 90W 70W
J
F
M
A
M
J
J
A
S
O
N
D

−4

−3

−2

−1

0

1

2

3

4
SST (WestAtl)

 

 

−1
−0.5

0

0.5

0.5

0

1

1

1

1

1

1

11.5

50W 20W
J
F
M
A
M
J
J
A
S
O
N
D

−4

−3

−2

−1

0

1

2

3

4



 121 

shows a clear westward movement in the dry season over eastern Pacific.  This clear 

U850 bias leads the rainfall bias by 1-2 pentads, indicating the dry bias is likely a result 

of more moisture flux divergence induced by the zonal wind bias.  The U850 bias in 

western tropical Atlantic is negligible, and this is consistent with that moisture outflow in 

the western boundary of the Amazon is the major source of the bias in total moisture flux 

convergence in AM3-2deg (Figure 5.4).  Rainfall and OLR biases in CM3-2deg show 

two periods of dry bias: January to May and mid-June to November.  While the U850 

bias over eastern Pacific during the dry season is even stronger than AM3-2deg, its bias 

over western Atlantic in March-May is also detectable.  This westerly bias in MAM has 

been explained due to a lack of rainfall and insufficient lower-tropospheric diabatic 

heating over the Amazon in the pre-season [Richter and Xie, 2008; Zermeño-Diaz and 

Zhang, 2013], and is responsible for the cold SST bias in the warm pool over western 

tropical Atlantic after June [Richter et al., 2012b].  This cold SST bias is from mid-June 

to October in CM3-2deg, associated with high SLP bias throughout the year shown in 

Figure 5.7.  The higher SLP over western Atlantic weakens the zonal gradient of SLP in 

the tropical Atlantic (not shown) and induces the cold SST bias near tropical South 

America from June, resulting in a subsidence in the western Amazon and further 

suppressing rainfall in the dry season.  Thus, the dry bias in the couple model is further 

enhanced by the coupling between the dry bias over South America and the bias in the 

zonal gradient of tropical Atlantic SST. 
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Figure 5.8. The lead-lag correlation between Amazon rainfall (pentad of 28-54) and 850 

hPa zonal wind over eastern Pacific and western Atlantic.  10-60 days band-pass filter 
has been applied to the de-trended data. 
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zonal wind is about 0.42 and passes the 5% significance level indicated by the horizontal 

dashed lines.  In AM3-2deg, the largest correlation is between rainfall and 2 pentads-lead 

zonal winds.  The value is 0.65 and significant.  It indicates the Amazon rainfall in AM3-

2deg is largely controlled by the zonal wind in adjacent eastern Pacific, similar to GPCP 

and ERA-Interim.  However, the relationship is not clear in CM3-2deg.  The significant 

correlation between Amazon rainfall and concurrent U850 over western tropical Atlantic 

indicates that the bias of the moisture inflow from the east boundary originated from the 

tropical Atlantic SST bias in the couple model largely contributes to the Amazon rainfall 

variability.  Thus, in CM3-2deg, the Amazon rainfall is determined by the low-level 

winds in both adjacent oceans. 

 

5.4.3. Topography as Blocking Effect 

 Figure 5.9 shows the topography of South America in ERA-Interim (0.75° × 

0.75°) and AM3-2deg.  The comparison clearly shows that the difference between the two 

is located at the Andes mountain range.  In the higher resolution, the northern Andes well 

traps moisture transport from the tropical Atlantic in the Amazon basin, and part of the 

water vapor veers to the southern Amazon as the SALLJ along the northwest-southeast 

direction of the Andes (Figure 5.2).  The latitudinal average of the topography of 8°S-4°N 

indicates the surface height differs almost 500 m between ERA-Interim and 2° models at 

the exit of moisture outflow at the western boundary of the Amazon (Figure 5.9c).  The 

difference of the surface height over the northern Andes is the key area for lower 

tropospheric water vapor transport and it may play a role in one branch of the Walker 



 124 

circulation [Lau and Yang, 2002]. 

 

 

 
Figure 5.9. Topography of South American in ERAI (0.75deg) and AM3 (2deg) and the 
latitudinal average between 8S and 4N. (Note: C45~2deg, C90~1deg, and C180~0.5deg) 
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in the tropical Atlantic [Richter and Xie, 2008; Richter et al., 2012a; Richter et al., 2012b; 

Zermeño-Diaz and Zhang, 2013].  Thus, our diagnosis of atmosphere-only models rules 

out the bias originated from the tropical SST and focuses on the atmospheric dynamic 

and thermodynamic conditions. 

  

 

 
Figure 5.10. The scatter plot of Amazon rainfall and (a) Eastern Pacific U850 and (b) 

surface wind stress across a bunch of GFDL models in JJA. (Note: C45~2deg, C90~1deg, 
C180~0.5deg, and C360~0.25deg) 
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U850.  The surface wind stress is from oceanic observation and totally different from 

ERA-Interim.  The similar patterns demonstrate the robust link between the Amazon dry 

bias and low-level wind bias over eastern Pacific and highlight the importance to weaken 

the strength of surface wind stress in the tropical ocean in order to reduce the systematic 

biases in the tropics [Richter and Xie, 2008; Richter et al., 2011]. 
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5.5. Summary and Discussion 

 This work is motivated by the need for a clear understanding of the mechanisms 

leading to the dry season dry bias over the Amazon, the systematic bias in the current 

GCMs, especially in GFDL models. Although the presence of the dry bias is pervasive 

across all GFDL models, the comparisons between coupled and uncoupled models and 

between different resolutions indicate that uncoupled model with higher resolution tends 

to better and reduces the bias by more than 50%. 

On one hand, since uncoupled models are not sensitive to the specification of 

climatological SST, they reduce the bias of moisture transport from tropical Atlantic to 

the northern Amazon.  This implies that the Amazon dry season dry bias is likely to be 

originated from the bias in the atmospheric processes.  On the other hand, lower 

resolution clearly underestimates the surface height of the northern Andes, which acts as 

a blocking effect for moisture transport and traps water vapor from the tropical Atlantic in 

the northern Amazon.  The more than 500 m difference in surface height between 2° and 

1° models is very important for the lower troposphere moisture flux convergence in the 

Amazon. 

 The decomposition of moisture flux convergence demonstrates the bias in 

moisture outflow at the west boundary of the Amazon dominates the bias in total 

vertically integrated moisture flux convergence.  Also, the zonal dynamic component 

−q ⋅ ∂u
∂x

 in the lower troposphere dominates the bias in atmospheric moisture convergence 

that accounts for a large part of the rainfall bias.  The bias in the meridional dynamic 
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component −q ⋅ ∂v
∂y

 is most likely a consequence of the bias in −q ⋅ ∂u
∂x

.  Based on lead-

lag correlation analysis, the bias in U850 over eastern Pacific leads the rainfall bias by 1-

2 pentads in both observation and AM3-2deg.  These results well support the topography 

effect on trapping the water vapor transported from the tropical Atlantic over the Amazon 

basin and creating moisture convergence that leads to precipitation in the dry season. 

 Figure 5.10 summarizes the close link between the low-level zonal winds over 

eastern Pacific and Amazon rainfall across nine GFDL models.  While the topography 

effect is clear from 2° to 1°, its influence on Amazon dry season rainfall from 1° to higher 

resolutions is negligible.  This implies the topography effect is not the only contributor to 

the dry bias and other issues including the land surface-cloud feedbacks need to be 

further investigated.  Thus, solving the problem of tropical Atlantic SST gradient 

proposed by previous studies may not fully solve the Amazon dry bias in the GFDL 

models, and at least 1° model should be used to investigate other reasons for the dry bias. 

 The bias in surface wind stress over eastern Pacific presented in Figure 5.10b is 

consistent with the bias in U850.  GFDL models tend to produce a shallower boundary 

layer (not shown), which results in a larger surface wind stress and stronger wind speed at 

the boundary layer height in order to transport the same amount of fluxes in the boundary 

layer.  Thus, one possible reason for the larger low-level winds over eastern Pacific in 

GFDL models is due to the bottom-up mechanism. 

 CMIP5 models also tend to have too much surface solar radiation inducing a high 

Bowen ratio (i.e. low latent heat and high sensible heat) and thus cause underestimates of 
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rainfall [Yin et al., 2012].  Therefore, the strong Amazon dry season dry bias in GFDL 

models due to its underestimate of moisture convergence through the topography effect 

could be reinforced by the positive feedback between reduced cloudiness, high Bowen 

ratio, and suppression of rainfall. 

 Additionally, GCMs are not able to capture the diurnal cycle of rainfall with too 

early peaks of the warm season convection and a prominent underestimate of nighttime 

land precipitation [Dai, 2006a].  A future investigation should also go into understanding 

how nighttime atmospheric conditions in models can contribute to the Amazon dry 

season dry bias. 
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CHAPTER VI 

A PROBABILITY DENSITY FUNCTION BASED ASSESSMENT OF 

FUTURE DAILY RAINFALL CHANGES IN CMIP5 

 

6.1. Abstract 

The multi-model ensemble mean (MMEM) has been widely used due to its 

simplicity and better performance than most individual models.  Weighted techniques 

have also been proposed to deal with the systematic biases.  However, both weighted and 

unweighted methods reported in literature are designed to reduce the uncertainties for the 

study of climate mean state.  They do not reduce the low biases for daily extreme rainfall, 

because their low biases are shared by most of the climate models.  We introduce a 

Gamma function based method (GAMM) for obtaining the probability density function 

of daily rainfall projected by the Coupled Model Intercomparison Project Phase 5 

(CMIP5) models as determined by comparison between the CMIP5 historical simulations 

and Tropical Rainfall Measuring Mission (TRMM) satellite measurements.  We also 

combine the days in all the models and runs from the multi-model ensemble (MMEA), as 

an alternative way to assess rainfall extremes.  Both these ways are demonstrated to 

perform much better than the MMEM with respect to the extreme events, defined as the 

5th and 95th percentile of the daily rainrate.  Both can capture the rainrate variability, 

while the MMEM significantly underestimates the variability due to reduced random 

variation in each simulation given by averaging all runs.  A use of the Kolmogorov-
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Smirnov statistic for the distribution assessment indicates that the proposed method is 

more applicable in tropical wet regions over land including the Amazon, Congo, and 

Southeast Asia.  This is consistent with previous findings that the Gamma distribution is 

more suitable for daily rainfall in wet regions. 

The CMIP5 climate projections show that, by the end of the 21st century (2092-

2099), consistent across the methods, all the three regions will have more heavy rainfall 

events compared to that during 1998-2005.  For the GAMM, the 95th percentile of daily 

rainfall will be 4.5 mm/d greater in the Amazon, 4 mm/d greater in the Congo, and 17.5 

mm/d greater in Southeast Asia for 2092-2099.  The direction of rainfall extreme changes 

is generally consistent with that projected by the MMEM and MMEA in the three 

regions, but the magnitudes are greater, indicating future rainfall extreme change may be 

underestimated.  The projected changes in the frequency of dry days are not consistent in 

the Congo between the GAMM and MMEA, but both show more dry days in the Amazon 

and no significant change for the 5th percentile in Southeast Asia. 

 

6.2. Introduction 

Extreme events, including droughts and floods, have strong impacts on natural 

systems, economic loss, public health, and human activities and they are projected to be 

more frequent due to global climate change [Kunkel et al., 1999; Changnon et al., 2000; 

Easterling et al., 2000; Meehl et al., 2000; Lau et al., 2013].  However, different climate 

models have a wide range of climate responses for future climate projections both 

globally and regionally, even when using the same scenarios for greenhouse gas 
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concentration increases [IPCC, 2007].  A commonly used approach is to treat all models 

as equally likely; the resulting multi-model ensemble mean (MMEM) is demonstrated 

superior to most if not all individual models [Lambert and Boer, 2001; Gleckler et al., 

2008]. 

The MMEM may not be the best approach when most models tend to have biases 

in the same direction, i.e. systematic biases [IPCC, 2010].  For instance, most models 

simulate excessively dry conditions over the Amazon in the dry season resulting in a 

similar bias for the MMEM.  Alternative approaches, in which models are weighted 

according to their agreement with observations in simulating current climate using a 

Bayesian framework, have been proposed by previous studies [Tebaldi et al., 2004; 

Tebaldi et al., 2005; Tebaldi and Knutti, 2007; Jupp et al., 2010; Räisänen et al., 2010; 

Rammig et al., 2010; Räisänen and Ylhäisi, 2012].  However, a consensus as to what is a 

robust weighting technique has not yet been reached [IPCC, 2007; 2010; Räisänen et al., 

2010], partly due to the need for subjective prior input and statistical assumptions 

[Tebaldi and Knutti, 2007; Knutti et al., 2010]. 

Both the MMEM and weighted methods could be problematic when the focus is 

climate extremes that are not Gaussian-distributed, e.g. daily precipitation.  Averaging is 

expected to cancel out extreme values especially in regions where models have large 

disagreement, and the distribution for the specific variable substantially narrows 

[Räisänen and Ylhäisi, 2012; Scoccimarro et al., 2013]. 

Many documented distributions have been explored to understand daily 

precipitation [Buishand, 1978; Wilks, 1998; Hanson and Vogel, 2008]; the Gamma 
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distribution is considered to provide a good fit [Thom, 1958; Watterson and Dix, 2003].  

One good example is the inclusion of fitting a Gamma distribution for precipitation when 

the Standard Precipitation Index (SPI), a widely accepted standard for drought 

monitoring, is calculated [McKee et al., 1993].  One appealing reason why the MMEM is 

widely used and reported in the Intergovernmental Panel on Climate Change Fourth 

Assessment Report [IPCC, 2007] is its simplicity.  Therefore, this study focuses on 

understanding the probability distribution of daily rainfall in a simple framework using 

multi-model ensembles to analyze future changes.  Limited by availability of the 

observations, we also do not evaluate the ability of the models to reproduce the 

tendencies of rainfall extreme changes and assume that the reconstructed daily rainfall 

probability distribution is stationary [Scoccimarro et al., 2013]. 

 We use the recently published model outputs from the Coupled Model 

Intercomparison Project Phase 5 (CMIP5) designed for the IPCC Fifth Assessment 

Report (AR5).  The data sets as well as observations are described in Section 2.  The 

methodology of fitting the daily rainfall distribution for the TRMM data and the models 

and that of evaluating consistence are introduced in Section 3.  In Section 4, the fitting 

distributions are compared, the method is evaluated for the historical time period, and 

future changes are highlighted in regions where the method is appropriate.  Our main 

results are summarized and some issues are discussed in Section 5. 
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Table 6.1. A description of the twelve CMIP5 models. 

Model Institute 
(Country) 

Atmospheric	  
Horizontal Resolution	  

(lon. × lat.)	  
Reference	  

CanESM2 
Canadian Centre for 
Climate Modelling 
and Analysis (Canada) 

2.8 × 2.8 Arora et al. [2011] 

CCSM4 
National Center for 
Atmospheric Research 
(USA) 

1.25 × 0.9	   Gent et al. [2011]	  

GFDL- 
CM3 

NOAA/Geophysical 
Fluid Dynamics 
Laboratory (USA) 

2.5 × 2.0 Donner et al. [2011]	  

GFDL- 
ESM2G 

NOAA/Geophysical 
Fluid Dynamics 
Laboratory (USA) 

2.5 × 2.0	   Dunne et al. [2012]	  

GFDL- 
ESM2M 

NOAA/Geophysical 
Fluid Dynamics 
Laboratory (USA) 

2.5 × 2.0	   Dunne et al. [2012]	  

HadGEM2-CC Met Office Hadley 
Centre (UK) 1.8 × 1.25	   Collins et al. [2011]	  

HadGEM2-ES Met Office Hadley 
Centre (UK) 1.8 × 1.25	   Jones et al. [2011]	  

INM- 
CM4 

Institute for Numerical 
Mathematics (Russia) 2.0 × 1.5	   Volodin et al. [2010]	  

MIROC5 AORI, NIES, and 
JAMSTEC (Japan) 1.4 × 1.4	   Watanabe et al. [2010]	  

IPSL- 
CM5A-LR 

Institut Pierre Simon 
Laplace (France) 3.75 × 1.8	   Marti et al. [2010]	  

MPI- 
ESM-LR 

Max Planck Institute 
for Meteorology 
(Germany) 

1.9 × 1.9	   Raddatz et al. [2007]	  

MRI-CGCM3 
Meteorological 
Research Institute 
(Japan) 

1.1 × 1.1	   Yukimoto et al. [2012]	  

 

 

6.3. Data Sets 

6.3.1. CMIP5 Models 

The CMIP5 models are designed to support the release of the IPCC 5th 
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Assessment Report (AR5).  This study examines daily precipitation in the historical and 

RCP8.5 experiments.  Twelve models are used, including CanESM2, CCSM4, GFDL-

CM3, GFDL-ESM2G, GFDL-ESM2M, HadGEM2-CC, HadGEM2-ES, INM-CM4, 

IPSL-CM5A-LR, MIROC5, MPI-ESM-LR, and MRI-CGCM3.  Some information about 

these models is summarized in Table 6.1.  Since the TRMM rainfall product is available 

from 1998, we compare 2032-2039, 2062-2069, and 2092-2099 in RCP8.5 runs with 

1998-2005 in historical runs to assess the future changes of rainfall distribution in the 21st 

century.  The more than 2000 samples in each grid box of the 8-year periods are adequate 

to determine a distribution.  The majority of the models provide multiple ensemble runs 

for each experiment.  Since we would like to avoid random variability by averaging 

multiple runs but to fully utilize all the runs, we instead first average the distribution 

parameters for every run in each model.  The model outputs were collected by the 

Program for Climate Model Diagnosis and Intercomparison (PCMDI) and accessed from 

the Earth System Grid Federation (ESGF) portals: http://pcmdi9.llnl.gov. 

 

6.3.2. Reference Data 

The Tropical Rainfall Measuring Mission (TRMM), as a joint mission between 

the National Aeronautics and Space Administration (NASA) and the Japan Aerospace 

Exploration Agency (JAXA), is designed to facilitate our understanding of rainfall 

distribution and variability within the tropics.  It supports our focus and serves as the 

reference for the assessment of the historical rainfall distribution.  The TRMM 3B42 

algorithm (version 7) provides adjusted merged-infrared (IR) daily rainfall amount at 
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0.25°×0.25° spatial resolution [Huffman et al., 2007].  TRMM 3B42 can be accessed and 

ordered at NASA Goddard Earth Sciences (GES) Data and Information Services Center 

(DISC): http://disc.sci.gsfc.nasa.gov/.  TRMM and CMIP5 data are interpolated to 

2.5°×2.5° resolution in order to facilitate our comparison at each grid box. 

 

6.4. Methodology 

6.4.1. Alternative Way To Utilize Multi-Model Ensembles 

Since the MMEM tends to narrow the rainfall distribution, an alternative 

calculation of rainfall extremes from all models and runs (hereafter MMEA) is also used.  

The MMEA puts together all days from every model and run, and extreme rainfall indices 

are calculated from the whole data pool. The sample size for MMEA is much larger than 

that of the MMEM.
 

 

6.4.2. Construction of Rainfall Distribution 

Establishing a probability density function to investigate rainfall distribution has 

long been a popular topic in the fields of meteorology, engineering, and others.  Several 

studies suggest that the two parameter Gamma distribution function is suitable for daily 

rainfall assessment especially for wet days and regions [Thom, 1951; Buishand, 1978; 

Wilby, 2002; Watterson and Dix, 2003], while some other distributions have also been 

proposed to have a good fit [Wilks, 1998; Burgueño et al., 2005]. 
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Table 6.2. The probability density functions (PDFs) of the four distributions assessed for 
daily precipitation. 

Name PDF 

Exponential 
(EXP)  

Gamma 
(GAMM)  

Generalized Pareto 
(GPA)  

Generalized 
Extreme Value 

(GEV) 
 

 
 

In order to understand the underlying distribution of daily precipitation and verify 

the advantage of Gamma fitting, we compare four different distributions for the TRMM 

data.  They are the Exponential (EXP), Gamma (GAM), Generalized Pareto (GPA), and 

Generalized Extreme Value (GEV) distributions, and their corresponding probability 

density functions (PDFs) are given in Table 6.2.  These four distributions have been 

proposed by previous studies to assess daily rainfall and have different performance for 

specific situations [Hanson and Vogel, 2008; Papalexiou and Koutsoyiannis, 2013; Toreti 

et al., 2013].  Stationary processes are assumed for the 8-year time period in order to 

assess the goodness of fit of the statistical model on the basis of adequate data points.  

f (x;λ) = λe−λx , x ≥ 0

f (x;ξ,θ ) = θ −ξ

Γ(ξ )
xξ−1e−

x
θ , x > 0

f (x;ξ,µ,θ ) = 1
θ
(1+ ξ(x − µ)

θ
)
−1
ξ
−1
, x ≥ µ(ξ ≥ 0)

f (x;ξ,µ,θ ) = 1
θ
(1+ ξ(x − µ)

θ
)
−1
ξ
−1

⋅exp[−(1+ ξ(x − µ)
θ

)
−1
ξ ], x > µ − θ

ξ
(ξ > 0)
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The comparisons of the distributions are discussed in Section 4.1. 

Based on the comparisons and smaller KS statistic for the Gamma distribution, 

we further fit it for daily rainfall in each model and reconstruct it across the models in a 

similar manner with the multi-model ensemble mean (MMEM), as described in Equation 

(1): 

      (1) 

 where GAMM is the reconstructed daily rainfall distribution function, is the Gamma 

function where ,  are the averages of the shape and scale parameters 

for the models: 

,
     (2) 

M is the number of models, and Ri is the number of runs in ith model.  and  are the 

shape and scale parameters for ith model and jth run, respectively, and they are obtained 

as MLEs and .  The procedure to estimate  and  is described in Appendix B 

and previous studies also discussed some related issues [Choi and Wette, 1969; Giles and 

Feng, 2009].  Equation (2) implies the averaged shape and scale parameters  and  

include the information from all models and all runs. 

 This method using Equation (1) is appropriate to assess rainfall distribution since 

GAMM (x;ξ,θ ) = (θ )
−ξ

Γ(ξ )
xξ−1e−
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θ

Γ
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the distributions for the models tend to scatter around the true distribution implying the 

averages of the two parameters for the models can reduce the distribution bias, and thus 

this method inherits some of the benefits of the MMEM from the distribution perspective. 

 

6.4.3. A Statistic for Evaluation of Distribution 

We use the Kolmogorov-Smirnov (KS) statistic D to evaluate modeled daily 

rainfall distribution against that from TRMM.  Di is defined as the absolute maximal 

distance of the empirical cumulative distribution functions (CDF) between TRMM and 

ith model: 

    (3) 

The applications are discussed and well documented in previous studies [Jupp et al., 

2010; Feldl and Roe, 2011]. 

 Thus, we can regard the KS statistic Di as a measure of the difference between the 

empirical CDF of the TRMM daily rainfall product and CDF of the ith model, and 

smaller Di indicates better performance on the rainfall distribution for the ith model.  We 

also compare this method with the MMEM and MMEA. 

 

6.5. Results 

6.5.1. Comparisons of Distributions 

 

 

Di =max CDF0 (x)−CDFi (x)
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Figure 6.1. (a) The KS statistic between the empirical and Gamma-fitted TRMM data.  
Stars represent the locations of Manaus and Jakarta.  (b) The location of best distribution 
fit indicated by the smallest KS statistics. (c) Daily rainfall distribution for empirical data 
and the four distribution fitted data in Manaus.  The right panel shows the percentage of 

days with rainfall larger than 40 mm d-1.  (d) Same as (c), but for Jakarta.  
Figure 6.1a compares the Gamma-fitted daily rainfall with the empirical TRMM 

data in order to check whether the daily rainfall reasonably follows the Gamma 

distribution.  Relatively small values of the KS statistic in oceanic areas especially the 

KS (Empirical vs. GAM)
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tropics, South Pacific Convergence Zone (SPCZ), tropical rainforest regions, the western 

US, and the Tibetan Plateau indicate the true distribution of daily rainfall approximately 

follows the Gamma distribution.  Figure 6.1b compares the four distributions by ranking 

the KS statistic from low to high.  Among them, the Gamma distribution outperforms 

over most areas of the tropics and subtropics, while the GPA distribution is the best for 

the Sahara Desert, Middle East, and some other grids.  The GEV distribution is only the 

best for very few grids, and the EXP distribution is considered as the worst.  

Figures 6.1c and 1d give two examples for how well the Gamma distribution fits 

for daily rainfall, showing the distribution of empirical TRMM daily data and the four 

fitted distributions in Manaus and Jakarta indicated by the stars in Figure 6.1b.  Manaus 

is located in the central Amazon and Jakarta is the capital of Indonesia.  For Manaus, the 

GAM and EXP have closer distribution with the TRMM data than the PGA and GEV.  

However, the EXP has clearly much lower frequency for light rain and heavy rain events.  

Although the GEV has closer frequency for rainfall over 40 mm d-1 than the GAM 

(Figure 6.1c, right panel), its entire distribution is quite off from the observations.  For 

Jakarta, the GAM and GEV are closer to the distribution of the empirical data. But the 

GAM better captures the frequency of heavy rainfall events than the other three 

distributions. 

The Gamma distribution is often used for daily precipitation since it provides a 

variety of distribution shapes and it only uses two parameters.  When the shape parameter 

is smaller and the scale parameter is larger, the distribution is quite flat and resembles the 

observed daily precipitation distribution.  Since the GPA and GEV distributions are 
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normally used to model the tails of a distribution and show less consistence with the true 

distribution in the middle range (like Figures 6.1c and 6.1d), it is possibly why the 

Gamma distribution is better in this case.  Given the fact that the Gamma distribution is 

in the best daily rainfall fitting family and that the GPA and GEV have slow convergence 

for the shape parameter, we use the method in Equation (1) to reconstruct the daily 

rainfall distribution for CMIP5 models. 

 

 
 

Figure 6.2. The KS statistic for the (a) MMEM, (b) GAMM, (c) its difference between 
the GAMM and MMEM, and (d) model spread of the KS statistic among Gamma-fitted 

and original model outputs. 
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between the distributions of the TRMM and MMEM.  The MMEA and GAMM method 

have the KS statistic values smaller than 0.4 over the tropical rainforest regions including 

the Amazon, Congo, and Southeast Asia, although it is still poor for the drier regions 

including the west coast of the Americas and the Africa continent, the Sahara, West Asia, 

and Australia (Figures 6.2b and 6.2c).  Both the MMEA and GAMM improve the daily 

rainfall distribution in comparison with the MEEM over all the oceanic areas and some 

land areas including the western US, the Tibetan Plateau, and tropical rainforest regions. 

 Figure 6.2d shows the model spread of the KS statistic between Gamma-fitted and 

original model outputs in 1998-2005.  The figure shows that the values are generally 

smaller than 0.1, except for the dry regions such as the Sahara, West Asia, and Australia, 

where the Gamma distribution does not provide a good fit (Fig. 6.1b).  The smaller model 

spread, i.e. smaller standard deviation of the KS statistics for all models, suggests that 

models tend to have similar performance on capturing the daily rainfall distribution and 

the result is not biased by any individual model. 

 Figure 6.3 and 6.4 show the 5th and 95th percentiles for the TRMM, their 

difference between the MMEM and TRMM, difference between the MMEA and MMEM, 

and difference between the GAMM and TRMM.  The lowest 5th percentile of the TRMM 

daily rainrate is generally 0 mm/d for the entire domain between 45°S and 45°N (Figure 

6.3a).  By comparison, the lowest 5% percentile MMEM rainrates is 2 mm/d in regions of 

the tropical ITCZ, SPCZ, the western North Pacific and Atlantic, and the tropical 

rainforest regions (Figure 6.3b).  The MMEM rainrates show worse agreement with 

observations than at least half of the individual models.   The MMEA shows much 
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smaller biases against the observation, and it is better than half of the individual models 

except for the Sahara, west Asia, Australia, the southern Amazon.  The GAMM also 

largely reduces the biases, although still show small biases (<1 mm/d) over the western 

Pacific ITCZs and SPCZ areas (Figure 6.3d).  It also shows that for most of the regions 

the GAMM has less bias than at least 6 models, except for most continental regions. 

 

 
 

Figure 6.3. The 5th percentile of rainrate (mm/d) for (a) TRMM, (b) difference between 
the MMEM and TRMM, (c) difference between the MMEA and TRMM, and (d) 

difference between the GAMM and TRMM.  Regions are stippled where the MMEM, 
MMEA, or GAMM is better than at least half of the models. 

 

Figure 6.4a and 6.4b show the MMEM produces much smaller rainfall for the 95th 

percentile over the wet regions indicated by the TRMM, with a rainfall reduction more 

than 20-30 mm/d.  The MMEM is better than at least 6 models over the east coast of the 

Americas and the Africa continent, southern Indian Ocean, the Sahara, West Asia, and 

partial Tibetan Plateau.  The MMEA largely reduces the biases over most of the tropics.  
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But more than 20 mm/d bias still exists in the wet regions including the tropical 

convergence zone, west Pacific, northwest Atlantic, the Congo and Amazon basins.  The 

GAMM further reduces the biases especially over the three tropical rainforest regions as 

well as the tropical oceans (Figure 6.4d).  Interestingly, the GAMM is better than at least 

half of the individual models in regions whereas the MMEM is the worst. 

 

 
 

Figure 6.4. The 95th percentile of the rainrate for (a) TRMM, (b) difference between the 
MMEM and TRMM, (c) difference between the MMEA and TRMM, and (d) difference 

between the GAMM and TRMM.  The unit is mm/d.  Regions are stippled where the 
MMEM, MMEA, or GAMM is better than at least half of the models. 

 

The larger biases for the MMEM over the regions in Figure 6.3a and 6.3b is 
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The improvements made by the GAMM method, compared with MMEA for the 95th 

percentile, suggest that it better represents the changes of daily rainfall extremes. 

 

6.5.3. Future Changes 

 Given the appropriate application of the GAMM method (Figure 6.1) and 

common interests in the three tropical rainforest regions (the Amazon, Congo, and 

Southeast Asia), we show in figure 6.5 the projected changes in rainfall extremes in these 

regions.  We utilize percentage change of dry days (defined as < 0.5 mm/d) for the 

Amazon and Congo considering that the 5th percentile is normally 0 mm/d in places 

where the dry season is adequately long and rainfall seasonality is clear [Fu et al., 2013].  

We also look at three different 8-year time period in the 21st century (2032-2039, 2062-

2069, and 2092-2099) in order to determine whether the changes are hidden in some 

possible interannual or decadal phenomenon.  The results from the GAMM method are 

compared with that from the MMEM and MMEA. 

The three regions display significant changes throughout the 21st century.  In 

general, the GAMM method projects stronger increase of extreme rainfall (95th 

percentile) than those projected by the MMEM and MMEA methods.  The projected 

changes for dry days or 5th percentile rainrate among GAMM, MMEA and MMEM vary 

among different regions.  For the Amazon region, the GAMM method projects 7.5% 

increase of dry days and a 4.5 mm/d greater rainrate for the 95th percentile at the end of 

the 21st century, indicating greater daily rainfall variability and more rainfall extremes.  

The MMEA indicates a similar change for dry days but no clear change for heavy 
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rainfall.  The MMEM projects very small changes in both dry days and extreme rainrate, 

i.e. 2.5% more dry days and 1.5 mm/d larger 95th percentile at the end of the 21st century.  

Changes are significant, especially for the dry days.  Over Congo, the GAMM method 

shows 5% more dry days and 4 mm/d greater rainrate for the 95th percentile for 2092-

2099.  The MMEA shows a similar change for the 95th percentile, but a frequency 

decrease of dry days, instead of an increase of dry days as the GAMM.  The MMEM 

shows the smallest increase of heavy rainfall and virtually no change in the dry days.  

Since Southeast Asia almost has 0 percentage of dry days, we still use the 5th percentile to 

represent dry conditions.  The small change in the 5th percentile is a result of an increase 

of dry days in the western Pacific and a decrease of dry days in the eastern Indian Ocean 

(not shown).  All three methods show increase of the 95th percentile rainrate, with 17 

mm/d greater rainrate based on the GAMM based projection and 5 mm/d larger for the 

MMEM and MMEA based projections, respectively, for 2092-2099. 

Despite different changes of dry conditions, changes of heavy precipitation are all 

positive for tropical lands as projected by GAMM, MMEA, and MMEM, results that are 

consistent with previous studies using different methodologies [Min et al., 2011; Westra 

et al., 2013].  This change is consistent with the increase of water vapor in the 

atmosphere with warmer temperature and surface heat budget [Trenberth, 2011].  This is 

especially clear in the upward branch of the tropical circulation located in the western 

Pacific.  Another explanation is that shifts in the sea surface temperature, e.g. ENSO 

pattern change, can also alter the rainfall distribution in the tropics. 
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Figure 6.5. Comparisons of the projected changes of dry days and 95th percentile 
between the GAMM, MMEA and MMEM methods for the Amazon and Congo, and 
changes in 5th and 95th percentile for Southeast Asia. The Amazon is selected as the 

rectangular region of 75°W-55°W, 15°S-5°N; the Congo is selected as of 15°E-30°E, 
7.5°S-5°N; and South Asia is selected as of 95°E-155°E, 10°S-5°N.  The oceanic grids 
have been removed.  Numbered circles represent different time periods: “1” for 2032-
2039, “2” for 2062-2069, and “3” for 2092-2099.  Red is from the MMEM, yellow is 

from the MMEA, and green is from the GAMM.  Magenta triangles are all the grids for 
the period of 2092-2099 from the MMEM, yellow circles 
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6.6. Summary and Discussion 

Since climate models tend to underestimate the future changes in tropical 

precipitation extremes under global warming [Allan and Soden, 2008], such biases cannot 

be effectively reduced by multi-model ensemble means or weighted averaging, which 

have been commonly used to reduce uncertainty of the climate mean state and reduce 

inter-model uncertainties [Tebaldi et al., 2005; Räisänen et al., 2010; Blázquez and 

Nuñez, 2013]. 

At monthly time scale, the MMEM could still be applicable to assess temperature 

and rainfall extremes since it is approximately Gaussian-distributed [Tebaldi et al., 2005; 

Tebaldi and Knutti, 2007; Räisänen and Ylhäisi, 2012].  However, for daily precipitation 

extremes, the unweighted or weighted means are inaccurate estimates since extreme 

values would be largely reduced as a result of reduced random variability across different 

simulations.  Especially in the tropics, individual models perform quite differently 

[Kharin et al., 2013].  To reduce the biases and random errors of the modeled daily 

extreme rainrates, we introduce a probability density function based method of 

constructing daily precipitation distribution in the CMIP5 multi-model ensembles.  The 

method assumes that daily rainfall is Gamma-distributed and employs the MLEs for the 

shape and scale parameters.  We then use multi-model ensemble mean of the probability 

distribution function (PDF) of the daily precipitation to reduce the uncertainty of the 

extreme rainfall simulated and projected by CMIP5 models, assuming that the PDF of 

daily precipitation in individual models scatter around the true one defined by the 

observations.  We then use the KS statistic to evaluate whether the constructed 
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distribution is close to that from the TRMM product. 

 As shown by comparison to observations, this method significantly reduces the 

biases of the daily rainfall distribution in tropical rainforest regions as indicated in 

Figures 6.2, where the biases in the 5th and 95th percentile have also a large reduction 

(Figures 6.3 and 6.4), especially for 95th percentile even when compared with MMEA.  

The future changes in the 21st century have been investigated in the tropical regions 

where the method is appropriate.  Heavy rainrates (95th percentile) will increase in 

Amazon, Congo and SE Asia, although the projected increase is stronger from the 

GAMM (5-18mm/day), than from the MMEA and MMEM.  The GAMM method also 

projects a stronger increase of dry days over Amazon and Congo (8% and 5%, 

respectively) than the MMEA (2-5 mm/day) and MMEM (1-5 mm/day).  Thus, the 

Amazon and Congo will be likely to experience more heavy rainfall events.  The GAMM 

method also projects a greater increase of dry day frequency over the Amazon (8%) and 

Congo (5%), but similar over SE Asia (no change).  The projected changes of the 

frequency of the dry days by the MMEA vary between three different regions, i.e., 

increasing over the Amazon, decreasing over Congo and no change over SE Asia.  The 

MMEM projects weak or virtually no change in the dry days frequency, i.e., 5% increase 

over the Amazon, no change over Congo, and decreasing by 2-4% over SE Asia. These 

results are consistent with a recent study on changes of rainfall extremes in CMIP5 

models using a different method [Scoccimarro et al., 2013].  The increased variability 

over the Amazon and Congo may result from increased annual range of seasonal 

precipitation under global warming [Chou et al., 2013].  While the annual mean 
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precipitation does not change significantly, the increased variability indicates more 

droughts and floods.  

 One limitation of our method is that it can only be applied to rainfall assessment 

of specific regions.  The fundamental assumption that Gamma distribution fits daily 

rainfall is more suitable for wet days and wetter regions (Figure 6.2a) [Thom, 1951; 

Buishand, 1978].  Dryer regions may require an extra parameter that describes the 

fraction of rainy days.  A future study will consider how one can broaden this assumption 

and develop new methodology for global regions.  Given the large inter-model variability 

for the tropics and subtropics, possibly due to model deficiencies of simulating upward 

velocity and representing organized convective systems [O'Gorman and Schneider, 2009; 

Toreti et al., 2013], our method provides an alternate way to assess future changes in 

daily rainfall extremes in the tropical land regions and indicates similar results as those of 

[O’Gorman, 2012].  Finally the future development of these models for reducing the 

detected rainfall biases, e.g. dry biases in the Amazon, can increase our confidence in 

drawing conclusions for predictions. 
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CHAPTER VII 

CONCLUSIONS AND FUTURE VISION 

 

7.1. Summary 

This dissertation focuses on rainfall variability and the related atmospheric and 

land processes in tropical South America from both observations and climate models.  In 

particular, the main objective of this work is to investigate what factors are responsible 

for rainfall changes, variability, and extremes over the Amazon, and what the 

consequences are.   

This dissertation is divided into five main chapters.  Chapter 2 concerns the 

changes in dry season length (DSL) and ending (DSE) over the southern Amazon, a 

domain with vulnerable tropical rainforest.  The results show Ground-based observation 

from 1979 to 2011 indicates DSL has increased at a rate of 6.5 ± 2.5 days per decade, 

mainly caused by a delay of DSE at a rate of 4.5 ± 2.0 days per decade, as also evident in 

a decrease of rainfall by 0.19 ± 0.04 mm/day per decade during austral spring.  A delay of 

the DSE has a clear impact on fire counts in the main fire season over the southern 

Amazon, the period of August-October.  A poleward shift of the subtropical jet over 

South America (SJSA) and an increase of local convective inhibition energy (CIN) in 

austral winter (June-August) appear to cause the delay of DSE.  These changes cannot be 

simply linked to the variability of the tropical Pacific and Atlantic Oceans.  However, the 

CMIP5 models significantly underestimate the variability of the DSE and DSL.  Such 
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biases imply that the future change of the DSE and DSL may be underestimated by the 

CMIP5 climate projections. 

Chapter 3 shows the large interannual variation of DSE over the southern Amazon 

is correlated with dry season conditions in the Pacific and South America.  Three dry 

season conditions are crucial for determining its trend and interannual variation.  (i) A 

weaker CAPE/stronger CIN delays the initiation of this dry-to-wet-season transition by 

limiting local thermodynamically driven convection.  (ii) A stronger westerly U850 and 

South America Low-level Jet (SALLJ) can reduce the occurrence of deep and more 

vigorous convective systems that provide elevated diabatic heating.  The SALLJs play a 

critical role in converting convective available potential energy into rotational kinetic 

energy in the upper troposphere, which is needed to overturn the monsoon circulation.  

(iii) A poleward displacement of the SHSJ over South America would weaken the 

incursions of cold fronts into the southern Amazon region, which are the main 

atmospheric dynamic trigger for the DSE over the southern Amazon.  Although previous 

studies have established the importance of these mechanisms for the climatological DSE, 

this study more quantitatively demonstrates their importance. 

These anomalous dry season conditions are largely forced by ENSO.  However, 

how these SST variability modes influence the large-scale and land surface conditions, 

which are key to the wet season onsets, has not been well studied.  This study suggests 

that the land surface feedback, the enhanced SALLJs and lee cyclogenesis over 

extratropical South America associated with a poleward shift of the SHSJ, can either 

dampen or amplify the influences of Pacific and Atlantic SSTA on SHSJ, U850, and 
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CAPE anomalies.  These factors add non-linearity to the relationships between ENSO, 

AMO-related tropical Atlantic SSTA, and changes in wet season onset over the southern 

Amazon. 

Chapter 4 evaluates the performance of the eleven CMIP5 models for historical 

rainfall seasonality over tropical South America.  The results show that the eleven models 

we evaluated have a large range of performance in the Amazon region.  The models 

generally capture the total rainfall amount during the wet season (DJF and MAM), while 

most of the models underestimate total rainfall except for the HadGEM2-CC, HadGEM2-

ES, CCSM4 and INM-CM4 during the dry and transition seasons (JJA and SON).  The 

dry biases are strongest in southern tropical South America.  Overall, HadGEM2-CC and 

HadGEM-ES most realistically capture the spatial and seasonal distributions, as well as 

distribution of rainrate in all the regions of our analysis.  In the dry and transition seasons, 

both less moisture convergence or more divergence and lower surface ET are responsible 

for an underestimate of rainfall. 

 The existing dry biases during the dry and transition seasons in the majority of the 

models appear to be caused by three factors. First, excessive surface solar radiation, 

which exists even in the models that overestimate rainfall, persists through all seasons, 

presumably due to underestimate of cloudiness.  During the dry seasons, to balance 

excessive net radiation at the surface, sensible flux and thus Bowen ratio have to increase.  

These biases would reduce lifted moisture in the atmospheric boundary layer and 

suppress convection.  Second, in some models, excessively strong ITCZs over the 

tropical Atlantic and eastern Pacific could cause unrealistically strong moisture 
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divergence and low cloud amounts over Amazonia (e.g., the two GFDL models).  These 

biases would contribute to a dry bias of rainfall in these models.  Third, an overestimate 

of upper tropospheric westerly winds in the two GFDL models and IPSL, may lead to an 

underestimate of incursions of extratropical synoptic disturbances during the transition 

season (SON), and cause dry bias in rainfall. 

Chapter 5 further investigates GFDL coupled and uncoupled models with 

different spatial resolutions and indicates that uncoupled model with higher resolution 

tends to be better than coupled model and reduces the bias by more than 50%.  Lower 

resolution models clearly underestimate the surface height of the northern Andes, which 

acts as a blocking effect for moisture transport and traps water vapor from the tropical 

Atlantic in the northern Amazon.  The more than 500 m difference in surface height 

between 2° and 1° models is very important for the lower troposphere moisture flux 

convergence in the Amazon. 

 The decomposition of moisture flux convergence demonstrates that the bias in 

moisture outflow at the west boundary of the Amazon dominates the bias in total 

vertically integrated moisture flux convergence.  Also, the bias in U850 over the eastern 

Pacific leads the rainfall bias by 1-2 pentads.  These results well support the topography 

effect of trapping the water vapor transported from the tropical Atlantic over the Amazon 

basin and creating moisture convergence that leads to precipitation in the dry season.  

Thus, solving the problem of the tropical Atlantic SST gradient proposed by previous 

studies may not fully solve the Amazon dry bias in the GFDL models, and at least 1° 

atmosphere-only model should be used to investigate the remaining dry bias. 
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Finally, Chapter 6 introduces a probability density function based method of 

constructing the daily precipitation distribution in the CMIP5 multi-model ensembles.  

The method assumes that daily rainfall is Gamma-distributed and employs the MLEs for 

the shape and scale parameters.  We then use multi-model ensemble mean of the 

probability distribution function (PDF) of the daily precipitation to reduce the uncertainty 

of the extreme rainfall simulated and projected by CMIP5 models, assuming that the PDF 

of daily precipitation in individual models scatters around the true one defined by the 

observations. 

 As shown by comparison to TRMM daily rainfall, this method significantly 

reduces the biases of the daily rainfall distribution in tropical rainforest regions, where 

the biases in the two tails of rainfall distribution also have a large reduction.  The future 

changes in the 21st century have been investigated in the tropical regions where the 

method is appropriate.  Heavy rainrates (95th percentile) will increase in Amazon, Congo 

and SE Asia, although the projected increase is stronger from the GAMM (5-18mm/day), 

than from the MMEA and MMEM.  The GAMM method also projects a stronger increase 

of dry days over Amazon and Congo (8% and 5%, respectively) than the MMEA (2-5 

mm/day) and MMEM (1-5 mm/day).  Thus, the Amazon and Congo will be likely to 

experience more heavy rainfall events.  The GAMM method also projects a greater 

increase of dry day frequency over the Amazon (8%) and Congo (5%), but similar over 

SE Asia (no change).  The projected changes of the frequency of the dry days by the 

MMEA vary between three different regions, i.e., increasing over the Amazon, decreasing 

over Congo and no change over SE Asia.  The MMEM projects weak or virtually no 
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change in the dry days frequency, i.e., a 5% increase over the Amazon, no change over 

the Congo, and decreasing by 2-4% over SE Asia. These results indicate while the annual 

mean precipitation does not change significantly, the increased variability brings more 

droughts and floods. 

 

7.2. Future Work 

My future research plan also reflects my interests in extremes events, land-air 

interactions, and future prediction based on our current understanding. 

First, out ability to monitoring the dry season ending (DSE) is strongly influenced 

by our understanding of a couple of processes.  2014 seems like another big drought 

event with a delay in DSE for the Amazon.  Sãn Paulo is still experiencing a water 

shortage issue.  Some Brazilian scientists attribute this event to the deforestation of the 

Amazon rainforest, since the rainforest is important for evapotranspiration in the dry 

season.  What could contribute to these extreme events including the 2014 drought, 

especially the substantial impacts of vegetation changes is of my great interest. 

Second, although rainfall amount on the global scale may not change as much 

with global warming, rainfall frequency and intensity are more robust to change.  As a 

consequence, extreme events are becoming more frequent.  However, the debate is going 

on about how drought will vary in the future with climate change.  One possibility lies in 

the inability of the global climate models to capture the changes in light rain percentage 

with per degree change in sea surface temperature, primarily due to too many drizzles 

and too early diurnal precipitation in the models.  Thus, an evaluation of the diurnal cycle 
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of rainfall and understanding as to whether large local convection inhibition or a lack of 

convection propagation is responsible for the possible bias is very important. 

Third, although we have detected some possible biases in the CMIP5 models and 

highlight the importance of the northern Andes on the dry season dry bias over the 

Amazon, our investigation on land-air feedback has not been fully conducted.  Future 

work should include an understanding of the possible feedback between higher incoming 

solar radiation, higher Bowen ratio, less cloud, and rainfall deficit using relative higher 

resolution atmosphere-only models. 

Last but not least, due to large internal variability and its uncertainty in future 

projections, how we can utilize our knowledge on current climate to constrain future 

climate projection has become a hot topic in recent years.  My interest focuses on 

whether we are able to use diurnal rainfall variability or seasonal rainfall variability to 

constrain future changes of extreme precipitation.  One impediment to this work is that 

we do not have a long enough period of diurnal rainfall in observations to constrain the 

distribution. 
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APPENDIX A LIST OF ACRONYMS AND ABBREVIATIONS 
 

AMO 

AOGCM 

AtlG 

BR 

CAPE 

CDF 

CIN 

CMAP 

CMIP 

DSA 

DSE 

DSL 

ESM 

ENSO 

ET 

EXP 

FFDI 

GAM 

GAMM 

GEV 

GCM 

GFDL 

GISS 

GPA 

GPCP 

Atlantic Multidecadal Oscillation 

Atmosphere-Ocean Global Climate Model 

Tropical Atlantic SSTA gradient 

Bowen ratio 

Convective available potential energy 

Cumulative distribution function 

Convective inhibition 

CPC Merged Analysis of Precipitation 

Coupled Modeling Intercomparison Project 

Dry season arrival 

Dry season ending 

Dry season length 

Earth System Model 

El Niño-Southern Oscillation 

Evapotranspiration 

Exponential (distribution) 

McArthur Forest Fire Danger Index 

Gamma (distribution) 

Gamma function based method described in Chapter 6 

Generalized Extreme Value (distribution) 

General Circulation Model 

Geophysical Fluid Dynamics Laboratory 

NASA Goddard Institute for Space Studies 

Generalized Pareto (distribution) 

Global Precipitation Climatology Project 
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ICOADS 

 

ITCZ 

IPCC 

KS 

MC 

MLE 

MMEA 

 

MMEM 

Nama 

NASA 

NCAR 

NOAA 

NTA 

NWama 

PCMDI 

PDF 

PDO 

PLS 

OLR 

RMSE 

Sama 

SACZ 

SALLJ 

SAM 

SAMS 

 

SHSJ or SJSH 

International Comprehensive Ocean-Atmosphere Data 

Set 

Inter-Tropical Convergence Zone 

Intergovernmental Panel on Climate Change 

Kolmogorov-Smirnov (statistic) 

Moisture convergence 

Maximum likelihood estimate 

Combine the days in all the models and runs from the 

multi-model ensemble 

Multi-model ensemble mean 

Northern Amazon (70°W-55°W, 5°S-5°N) 

National Aeronautics and Space Administration 

National Center for Atmospheric Research 

National Oceanic and Atmospheric Administration 

North tropical Atlantic SSTA 

Northwestern Amazon (75°W-60°W, 10°S-5°N) 

Program Climate Model Diagnosis and Intercomparison 

Probability distribution function 

Pacific Decadal Oscillation 

Partial least square 

Outgoing longwave radiation 

Root-mean square error 

Southern Amazon (70°W-50°W, 15°S-5°S) 

South Atlantic Convergence Zone 

South America Low Level Jet 

Southern Annular Mode 

South American Monsoon System region (60°W-45°W, 

17.5°S-5°S) 

Southern Hemisphere Subtropical Jet 
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SJSA 

SLP 

SPCZ 

SSTA 

STA 

TRMM 

U850 

VI 

Subtropical jet over South America 

Sea-level pressure 

South Pacific Convergence Zone 

Sea Surface Temperature anomaly 

South tropical Atlantic SSTA 

Tropical Rainfall Measuring Mission 

Zonal wind at 850 hPa 

V Index 
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APPENDIX B MAXIMUM LIKELIHOOD ESTIMATES OF THE 

TWO PARAMETERS IN THE GAMMA DISTRIBUTION 
 

We ignore the subscript j for the different runs in a model and only use i in here to 

calculate the MLEs for  and .   is easily found by taking the derivative of log-

likelihood with respect to , i.e. , and given by: 

       (5) 

where  are samples and n is the sample size. The two-parameter log-likelihood then 

reduces to one-parameter space.  However, taking the derivative and setting it equal to 

zero does not yield a closed-form solution for .  Therefore, we employ Newton’s 

iteration method to obtain the root of the likelihood equation given by: 

   (6) 

where  is the digamma function, defined as the logarithmic derivative of the gamma 

function.   is the initial value of  and can be obtained by using the method of 

moments: 

       (7) 

where  is the standard deviation of the samples.  
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