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Abstract 

The goal of this research is to increase the understanding of changes in the 

hydrological and carbon cycles in response to global warming. Global oceanic 

recycling rate, along with meteorological variables are analyzed using the thirteen 

Coupled Models Inter-comparison Project (CMIP5) data from 1988 to 2008. On a 

worldwide scale, there has been a long-term decreasing trend of the global average 

oceanic recycling rate. On a regional scale, there are positive trends of the recycling 

rate over the Intertropical Convergence Zone (ITCZ) and negative trends over the 

sub-tropical dry areas. To better understand the hydrological cycle over the wet and 

dry areas, we examined the precipitation, vertical velocity, cloud, and water vapor 

contents from CMIP5 models. All meteorological variables associated with 

precipitation demonstrate favorable conditions for increasing precipitation over the 

wet areas and decreasing precipitation over the dry areas. The consistent trends in 

these variables, such as vertical velocity, cloud, and liquid and ice water contents, as 

provided by the CMIP5 models, yield a clearer picture of the dynamics and physics 

behind the temporal variation of precipitation over different areas.  

Atmospheric Infrared Sounder (AIRS) CO2 data is used to study the impact 

of drought on mid-tropospheric CO2 concentrations. For the first time, it is found that 

the mid-tropospheric CO2 concentration is approximately one part per million by 

volume higher during the dry years than the wet years over the southwest USA. 
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During drought conditions, there is increased rising air over most of the regions, 

which can bring high surface CO2 concentrations into the mid-troposphere. In 

addition to the circulation, there is added CO2 emitted from the biosphere during 

times of drought, which can contribute to higher concentrations of CO2 in the 

atmosphere. A multiple-regression method is applied to explore the relationship 

between Pacific North American pattern (PNA) and CO2 concentrations. During the 

positive phase of PNA, there are positive CO2 anomalies over the northwestern part 

of North America, which are related to increased CO2 emissions from bacteria in the 

soil and greater CO2 being released from melting permafrost.  
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Chapter 1	  

Introduction 

The focus of this research is on the hydrological cycle, carbon cycle, and the 

variability of CO2 concentrations in the atmosphere due to climate change. There are 

several studies suggesting that the global hydrological cycle has been changed in 

response to global warming, known as the  “rich-get-richer mechanism” (Neelin et 

al., 2006; Allan et al., 2008; Li et al., 2011). This poses a threat for increasing flood 

and drought events in different regions around the globe. For this research, the 

hydrological cycle was studied to understand the possible causes of this extreme 

pattern change. Total water-vapor mass has a direct association with the temperature 

change in the atmosphere following the Clausius-Clapeyron law. However, the 

variation of precipitation is much more complicated than water-vapor content in the 

atmosphere. Past studies have found the rich-get-richer tendencies on the regional 

scale (Chou et al., 2004; Neeling et al., 2006; Allan et al., 2007; Chou et al., 2009; Li 

et al., 2011; Durack et al., 2012; Polson et al., 2013; Chou et al., 2013; Trammell et 

al., 2015). However, the findings were inconsistent when it came to global scale 

precipitation variations (Allen et al., 2002; Adler et al., 2003; Trenberth et al., 2003; 

Held et al., 2006; Gu et al., 2007, Stephens et al., 2008; Adler et al., 2008; Liepert et 

al., 2009; Trenberth et al., 2011; Zhou et al., 2011). Since there are many factors 

influencing precipitation variations, the recycling rate is a good measure of the 
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hydrological cycle in the atmosphere. Studies found that the global water vapor is 

increasing faster than the global precipitation (Stephens et al., 2008; Allen et al., 

2002; Emori et al., 2005; Vecchi et al. 2007; Richter et al., 2008). The recycling rate 

is a simple parameter to compare the variations of column water vapor and 

precipitation, which is useful to estimate the intensity of the hydrological cycle. A 

comparison of model simulations with observations measuring the hydrological 

cycle has never been researched. Therefore, CMIP5 model simulations were utilized 

here to simulate recycling rate in the global atmosphere and compare it to GPCP 

satellite retrievals.  

As mentioned previously, precipitation variability on a global scale has large 

discrepancies (Trenbert et al., 2005; Shindell et al., 2006; Adler et al., 2008; Allan et 

al., 2008; Liu et al., 2009; Li et al., 2011; Bony et al., 2013; Su et al., 2014; Xie et 

al., 2015; Long et al., 2016). To better understand the variability of precipitation for 

advancing model simulations in the future, different meteorological variables such as 

cloud, vertical velocity, condensed-water path, and ice-water path are examined in 

the second part of the research. Although the trend of precipitation on a global scale 

is weak, precipitation shows significant trends on the regional scale. On the regional 

scale, precipitation has an increasing tendency over the wet areas and a decreasing 

tendency over the dry areas. Therefore, model performances in capturing the 

meteorological variables associated with precipitation variability are studied to better 

understand the dynamics and physics of the temporal precipitation in different 
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regions. 

The first two sections of this research have shown that the precipitation has 

tendencies to increase over wet area and decrease over dry area as a response to 

global warming, which caused more flood and drought events in recent years. 

Section 3 of this research are focused on finding the consequences of drought events 

on CO2 concentrations in the atmosphere. CO2 plays a very important role in global 

warming and is found to have an on-going positive trend of 1.5 to 2 parts per million 

by volume (ppm) (Keeling et al., 1995; Sarmiento et al., 1999; Tans et al., 2014). 

Satellite retrievals from Atmospheric Infrared Sounder (AIRS) are used in this 

section of research to provide a complete picture of CO2 variability over the global 

domain. It was found that the CO2 concentrations could be influenced by intra-

seasonal variabilities (e.g., semi-annual oscillation and Madden-Julian Oscillation) 

and inter-annual variabilities (e.g., El Nino-Southern Oscillation and Northern 

Annular Mode) (Jiang et al., 2016; Li et al., 2010; Jiang et al., 2012; Keeling et al., 

1995; Jones et al., 2001; Jiang et al., 2013). There were also studies which found a 

high correlation between the gross primary production (GPP) and the mid-

tropospheric CO2 concentration, which indicates a strong influence of boreal forests 

on the seasonal drawdown of mid-tropospheric CO2 in the northern hemisphere 

(Pagano et al., 2014). During the past few years, California has faced its most severe 

drought in the last 1200 years (Griffin et al., 2014). This research aims to find the 

relationship between drought events and the concentration of CO2 over the southwest 
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USA. 

     Finally, the last section of the research is focused on finding the relationship 

between Pacific North American pattern and mid-tropospheric CO2. PNA is one of 

the most important climate patterns in the Northern Hemisphere. Previous research 

has found that the El Nino and Southern Oscillation can influence the mid-

tropospheric CO2 concentration due to the change in the Walker Circulation (Jiang et 

al., 2010; Julian et al., 1978). Most of the studies were focused on the CO2 variability 

in the tropical region or were only limited to the surface CO2 variations. In past 

research performed by Leathers et al., 1991, temperature was found to have a strong 

association with PNA. In this research, a multi-regression method is applied to the 

AIRS mid-tropospheric CO2 data. The data shows that PNA has contributed to 

higher CO2 concentrations in the mid-troposphere due to temperature anomalies 

found in the North American region. The positive temperature anomalies have led to 

increased CO2 emissions from bacteria activities in the soil and the melting of 

permafrost. The results in this chapter provide a better picture of the temporal and 

spatial variability of mid-tropospheric CO2 influenced by PNA. 

 

1.1 Motivation 

Global warming is a debatable topic, but there is proof that the climate is 

changing. The purpose of this research is to better understand the impact of global 

warming on the environment. Many studies have found that the precipitation pattern 
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has changed, which suggested a characteristic of “rich-get-richer mechanism” 

(Neelin et al., 2006; Allan and Soden, 2008; Li et al., 2011). That is, the wet areas 

are getting an increasing amount of precipitation and the dry areas are getting a 

decreasing amount of precipitation around the globe. This climate extreme pattern 

poses a threat to increased flooding and droughts for different regions. This may 

cause significant impact to agriculture, the economy, and even to animal habitats. 

Regionally, the findings of extreme-rainfall patterns are consistent. However, the 

trend of precipitation has large discrepancies on a global scale. In order to lower the 

risk of damage from extreme-weather events, better model simulations of 

precipitation are necessary to improve climate forecasts. 

Moreover, atmospheric-recycling rates from Global Precipitation 

Climatology Project (GPCP) and Coupled Model Inter-comparison Project (CMIP5) 

were compared. The recycling rate is used to measure the relationship between 

precipitation and water-vapor amount in the atmosphere, which is a good 

representation of global hydrological cycle rate. Although the precipitation trend on 

the global scale is weak, there are significant trends found on a regional scale. Based 

on the previous studies of “rich-get-richer mechanisms,” wet and dry regions are 

separated to study model performances in different climate extremes. Cloud 

variabilities are also explored to better understand the physics of precipitation change 

in the atmosphere over different locations. 

The precipitation-pattern change resulted in more drought and flood events 
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across the globe, especially in the southwest USA region, where California has faced 

its most severe extensive drought in 1200 years. Chapter 4 of the research is focused 

on how droughts also have influences on CO2 concentration in the atmosphere. In 

addition, many studies have found that the large-scale circulations could also affect 

mid-tropospheric CO2 concentration. The last section of this dissertation describes 

how PNA could also have an influence on mid-tropospheric CO2. The multi-

regression method is applied to find the relationship between PNA and the 

Atmospheric Infrared Sounder (AIRS) mid-tropospheric CO2. CO2, a potent 

greenhouse gas, plays a very important role in global warming. 

 This research will provide useful information for scientists to improve 

forecasts and refine satellite retrievals to help prevent further climate disasters and 

better understand today’s changing climate. 

 

1.2 Dissertation overview 

The goals of this research include a better understanding of climate-change 

influences and providing information to improve forecast ability. This dissertation is 

separated into four chapters with closely related independent studies.  The goals and 

details of each chapter will be explained in the following paragraphs. 

Chapter 2 is focused on atmospheric-recycling rate using observation and 

model data. GPCP and SSM/I satellite retrievals are used to compare thirteen CMIP5 

model simulations to study the temporal and spatial variations of recycling rates 
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from 1988 to 2008. Models used in this research include CAM5, CCCMA, CNRM, 

CSIRO, GFDL, GISS, INM, IPSL, MIROC, MOHC, MPI, MRI, and NCC. GPCP 

global precipitation data with the spatial resolution of 2.5° × 2.5° and SSM/I oceanic 

water-vapor data with the spatial resolution of 0.25° × 0.25° are used in this research.  

The recycling rate is a simple measurement of the atmospheric-moisture 

cycle, defined as the ratio between precipitation and water vapor. The comparisons 

between observations and models suggest that there are two main characteristics of 

the recycling rate: First, a long-term decreasing trend of global-average oceanic-

recycling rate and second, the dominant spatial patterns of the temporal variations of 

recycling rate. All of the models except one have successfully simulated not only the 

long-term trend but also the inter-annual variability of column water vapor. The 

noisy precipitation over the short time scale led to large discrepancies of recycling 

rate in the observations and CMIP5 model data. Comparisons seen in the spatial 

patterns from CMIP5 model simulations also reveal that the water-vapor simulations 

are better than the precipitation. The results suggest a negative trend of oceanic mean 

recycling rate for both the models and the observations. The precipitation trend is 

weaker than the oceanic mean column water vapor. However, on the regional scale, 

observations from the spatial pattern of the recycling rate suggest that the recycling 

rate has dominant features in different regions. This study shows that CMIP5 models 

perform relatively well in capturing the recycling-rate pattern. However, better 

precipitation simulations are needed to better understand the physics of the temporal 
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variation of the hydrological cycle in the global atmosphere.  

Since large discrepancies of precipitation were found in Chapter 2, the goal 

for Chapter 3 is to better understand the variability of precipitation and circulation by 

examining the vertical velocity, total cloud fraction, condensed water path, and ice 

water path. Thirteen CMIP5 models and GPCP satellite retrievals from the previous 

chapter were also used in this chapter. The variables associated with precipitation 

were averaged and separated into wet and dry areas. The wet and dry areas were 

defined as the mean precipitation greater than 200 mm month-1 and less than 50 mm 

month-1, respectively.  A comparison of the observation and the models were first 

examined to validate the model performance in capturing the precipitation patterns in 

the wet and dry areas. All of the models demonstrated a similar temporal variation of 

precipitation as the observed GPCP data, showing a positive trend of 6.22 ± 3.75 mm 

month-1 decade-1 over the wet areas and a negative trend of -0.77 ± 0.54 mm month-1 

decade-1 over the dry areas. Similar trends were also found in the other variables 

associated with precipitation from most of the models. The qualitatively consistent 

trends in all the meteorological variables from the model simulations provided a 

clearer picture of the dynamics and physics behind the temporal variations of 

precipitation over different climate extreme areas.  

In Chapter 4, the influence of drought events on mid-tropospheric CO2 is 

studied using AIRS. The goal of this research is to better understand the interaction 

between the biosphere and the atmosphere. First, dry and wet years were separated to 
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analyze the relationship between CO2 variability and drought. TRMM precipitation 

data with 0.25° × 0.25° resolution was used to identify the wet and dry years by 

taking the precipitation mean +/- a 0.5 standard deviation, respectively. Mean values 

of AIRS de-trended CO2 for the dry years (JJAS of 2003, 2007, and 2010) and the 

wet years (JJAS of 2006, 2008, 2011, and 2012) were estimated with linear trends 

removed.  The difference of de-trended mid-tropospheric CO2 between the dry and 

wet years was also calculated to study the statistical significance between the two 

climates. In addition, CO2 surface fluxes were also studied to explore the possible 

causes of higher CO2 concentrations during the dry years. The NEP and GPP data 

from Carnegie-Ames Stanford Approach (CASA) biogeochemical model with 0.25° 

× 0.25° resolution was used to study the fluxes of CO2 in the atmosphere. Lastly, to 

explore the influence of circulation on mid-tropospheric CO2, vertical pressure 

velocity data from National Centers for Environmental Prediction 2 (NCEP2) 

reanalysis data were utilized. In this research, the satellite retrievals of vertical 

pressure velocity and CO2 surface fluxes emissions were combined to study the 

impact of drought on mid-tropospheric CO2 concentrations. The mid-tropospheric 

CO2 concentration was about 1 ppm higher during the dry years than in the wet 

years. The results revealed that drought and the accompanying increased vertical 

motion both contributed to increasing CO2 concentrations in the mid-troposphere 

over the southwest USA.  

In Chapter 5, the influence of PNA on the mid-tropospheric CO2 was 
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analyzed. AIRS mid-tropospheric CO2 data were used to study the temporal and 

spatial variability of CO2 in response to PNA. It was shown in the previous chapter 

that the variations of CO2 are closely related to carbon exchange with the biosphere. 

The focus of this chapter is to investigate if CO2 can also be influenced by inter-

annual variability, such as PNA. Principal component analysis (PCA) was applied to 

determine the PNA index. The multi-regression method was applied to the CO2 data 

to study the spatial variability of the PNA signals in the AIRS mid-tropospheric CO2 

from 2002 to 2013. It was found that the PNA also has an influence on CO2 

concentration in the mid-troposphere. The main reason for CO2 anomalies during 

PNA is due to temperature anomalies in North America, causing increased CO2 

emissions from the biosphere.  
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Chapter 2 

Investigation of Atmospheric Recycling Rate from Observations and 

Models 

2.1 Introduction 

Many observational studies have found the total mass of water vapor 

increases over the global domain in response to global warming (Trenberth et al., 

2005; Wentz et al., 2007; Santer et al., 2007). Similar trends are also seen in the total 

water vapor from numerical models (Bosilovich et al., 2005; Held and Soden, 2006). 

The increasing total mass of water vapor is related to the atmospheric temperature 

following the Clausius-Clapeyron Law.  

Previous studies found that precipitation has an increasing tendency in the 

wet areas and a decreasing tendency in the dry areas (Choud and Nellin, 2004; 

Neelin et al., 2006; Allan and Soden, 2007; Chou et al., 2009; Li et al., 2011; Durack 

et al., 2012; Polson et al., 2013; Chou et al., 2013; Trammell et al., 2015). However, 

precipitation on a global scale has large discrepancies in the linear trend among 

different studies (Allen and Ingram, 2002; Adler et al., 2003; Trenberth et al., 2003; 

Held and Soden, 2006; Gu et al., 2007; Stephens and Ellis, 2008; Adler et al., 2008; 

Liepert and Previdi, 2009; Trenberth, 2011; Zhou et al., 2011). Recent observational 
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studies (Allan et al., 2010; Li et al., 2011) helped solve the discrepancies in the 

precipitation trends and a consistent view finally emerged: the global water vapor 

increases faster than the global precipitation in response to global warming. Such a 

view is also consistent with some theoretical and modeling studies (Stephens and 

Ellis, 2008; Allen and Ingram, 2002; Emori and Brown, 2005; Vecchi and Soden, 

2007; Richter and Xie, 2008). The new perspective also suggested that the recycling 

rate of global atmospheric moisture slows down in response to global warming (Li et 

al., 2011). The recycling rate of atmospheric moisture (R) (Chahine et al., 1997; Li et 

al., 2011) is defined as the ratio between precipitation (P) and column water vapor 

(W). It is a simple and useful parameter to compare the temporal variations between 

precipitation and column water vapor; in other words, to estimate the intensity of the 

hydrological cycle in the atmosphere.  

Some theoretical and observational studies have been conducted to explore 

the recycling rate and related parameters for measuring the intensity of the 

hydrological cycle (Chahine et al., 1997; Trenberth, 1998; Stephens and Ellis, 2008; 

Li et al., 2011). However, a comparative study of recycling rates between 

observations and numerical simulations has not been carried out. In this research, we 

examined how well the models can simulate the temporal and spatial variations of 

recycling rate. 
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2.2 Data and models 

To explore the temporal variations of the recycling rate, the latest data sets 

from the Special Sensor Microwave Imager (SSM/I) (Wentz et al., 1997; Wentz and 

Spencer, 1998) and the Global Precipitation Climatology Project (GPCP) (Huffman 

et al., 2009; Huffman et al., 2012) were utilized. The data set of SSM/I V.6 oceanic 

water vapor from 1988 to present with the spatial resolution of 0.25° × 0.25° latitude 

by longitude were studied. In addition, the latest version of GPCP V. 2.2 of the 

global precipitation data from 1979 to present time with spatial resolution at 2.5° × 

2.5° latitude by longitude was also explored. 

     Precipitation and column water vapor from Atmosphere-Ocean Coupled 

Model Inter-comparison Project 5 (CMIP5) (Taylor et al., 2012) model simulations 

were used to explore the simulation of recycling rates from different models. 

Observed sea-surface temperature was used in the AMIP-type CMIP5 model 

simulations to drive the models (Taylor et al., 2012). There were thirteen models 

including CAM5, CCCMA, CNRM, CSIRO, GFDL, GISS, INM, IPSL, MIROC, 

MOHC, MPI, MRI and NCC (See Table 1 for acronyms). Since most of the model 

simulations ended in 2008, variations of recycling rate from both observations and 

model simulations were focused from January 1988 to December 2008. 

 
 
 
 
 
 
	  



	   14	  

	  

	  

Table 1: The linear trends of oceanic recycle rate (R), oceanic precipitation (P), and 
oceanic water vapor (W). Units for the trends are % decade-1 

 R P W 

Recycling Rate   -0.60±0.51   

Global Precipitation Climatology 

Project (GPCP) 

 0.12±0.55  

Special Sensor Microwave Imager 

(SSM/I) 

  0.90±0.33 

NCAR Community Atmosphere 

Model 5 (CAM5) 

-1.37±0.33 -0.40±0.37 0.92±0.35 

Canadian Centre for Climate 

Modeling and  

Analysis (CCCMA) 

-0.55±0.33 0.18±0.28 1.07±0.37 

Centre National de Recherches  

Meteorologiques (CNRM) 

-0.97±0.22 0.23±0.24 0.93±0.36 

Commonwealth Scientific & 

Industrial  

Research Organization (CSIRO) 

-0.69±0.21 -0.05±0.30 0.88±0.33 

Geophysical Fluid Dynamics 

Laboratory (GFDL) 

-1.08±0.30 -0.16±0.39 1.07±0.32 

Goddard Institute for Space Studies 

(GISS) 

-0.59±0.23 0.02±0.17 0.59±0.30 
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Table 1 Continued 

 

 

	  

2.3 Temporal variations of water vapor, precipitation and recycling 

rate  

The recycling rate was derived from column water vapor and precipitation, 

thus temporal variations of oceanic column water vapor and oceanic precipitation 

were first explored. Figure 2.1 shows the comparison of temporal variations of 

Institute for Numerical Mathematics 

(INM) 

-0.46±0.21 0.11±0.29 0.76±0.30 

Institute Pierre Simon Laplace 
(IPSL) 

-0.67±0.40 0.15±0.25 1.04±0.36 

Model for Interdisciplinary Research 

On Climate/Atmos. Ocean Res. Ins. 

(MIROC) 

-1.29±0.33 -0.02±0.35 1.09±0.36 

UK Met Office Hadley Climate 

Center (MOHC) 

-0.79±0.22 0.34±0.24 0.98±0.26 

Max Planck Institute (MPI) -0.84±0.30 0.24±0.26 0.98±0.27 

Meteorological Research Institute 

(MRI) 

-0.40±0.26 0.38±0.40 0.83±0.30 

Norwegian Climate Center (NCC) -0.76±0.25 0.05±0.33 1.09±0.31 
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oceanic column water vapor between the observation and model simulations 

averaged over 60°S to 60°N from 1988 to 2008.	  	  

 

	  

Figure 2.1: (a) Temporal variations of column water vapor averaged over ocean 
between 60°N and 60°S. Red solid line is SSM/I column water vapor time series. 
Color dashed lines are column water vapor time series from CMIP5 models. (b) 
Trends and uncertainties for oceanic column water vapor time series from SSM/I and 
CMIP5 models. 
 
 
 

The data are focused on 60°S to 60°N due to limited in-situ measurements 

over the polar region to validate the satellite accuracy. El Nino-Southern Oscillation 
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(ENSO) signals were removed from the time series by the multi-regression method 

based on Nino 3.4 Index (Li et al., 2011). A low-pass filter was applied to all the 

time series to remove high-frequency signals. The filter was constructed as the 

convolution of a step function with a Hanning window and was chosen to obtain a 

full signal from the periods longer than three years (Jiang et al., 2004). In response to 

global warming, the oceanic SSM/I water vapor had a strong positive trend of 0.90 ± 

0.33% decade-1. The linear trends and the corresponding uncertainties of the time 

series were calculated by the least-squares method (Bevington and Robinson, 2003; 

Li et al., 2011). Details of oceanic column water vapor trends from the observation 

and the model simulations are summarized in Table 1. All models demonstrated 

significant positive trends of oceanic column water vapor with a range from 0.59% 

per decade to 1.09% decade-1, which are within the range SSM/I oceanic column 

water vapor trend (0.90 ± 0.33% decade-1). Most model simulations except for MPI 

model had successfully simulated not only the long-term trend but also the inter-

annual variability of column water vapor.  

Since the observational data lack water vapor information over land, 

comparisons between models over both land and ocean were plotted as seen in 

Figure 2.2. The model-only comparison over both land and ocean show a better 

consistency of trends. All of the models demonstrate increasing trend of water vapor 

for the global domain including both land and ocean. 
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Figure 2.2: (a) Temporal variations of column water vapor averaged over land and 
ocean between 60°N and 60°S. Color dashed lines are column water-vapor time 
series from 13 CMIP5 models. (b) Trends and uncertainties for column water-vapor 
time series from 13 CMIP5 models. 
 
 
 

Figure 2.3 displays the temporal variations of oceanic precipitation between 

the observation and model simulations averaged over 60°S to 60°N from 1988 to 

2008. The linear trend of GPCP oceanic precipitation is 0.12 ± 0.55% decade-1, 

which is very weak and not statistically significant. The linear trends of model 

oceanic precipitation demonstrated a relatively large range from -0.40% decade-1 to 
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0.37% decade-1. Figure 2.3 and table 1 suggest that most of the model simulations 

have weak trends in oceanic precipitation with large uncertainties, which are 

qualitatively consistent with the long-term trend from the observational data. 

However, Figure 2.3 shows that there are large discrepancies at relatively short time 

scales between the observation and the models. Therefore, the temporal variations of 

precipitation at relatively short time scales should be explored in the future when 

improved model simulations are available.  

	  

Figure 2.3: (a) Temporal variations of precipitation averaged over ocean between 
60°N and 60°S. Blue solid line is GPCP precipitation time series. Color dashed lines 
are precipitation time series from CMIP5 models. (b) Trends and uncertainties for 
oceanic precipitation time series from GPCP and CMIP5 models. 
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We also explored precipitation over both land and ocean from the 13 models 

in Figure 2.4. It illustrates better agreement between the models when averaging the 

precipitation data over both land and ocean. However, the trends are weak due to 

numerous additional factors that could have influenced the precipitation amount. 

Additionally, as shown in Figure 2.4, model simulations show a much better 

consistency in simulating precipitation trends when data over land are included. 

	  

	  

Figure 2.4: (a) Temporal variations of precipitation averaged over land and ocean 
between 60°N and 60°S. Color dashed lines are precipitation time series from 
CMIP5 models. (b) Trends and uncertainties for oceanic precipitation time series 
from 13 CMIP5 models. 
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The insignificant weak temporal trends in precipitation along with the 

positive significant trends in column water vapor suggest that the oceanic recycling 

rate decreases with time. Figure 2.5 shows the comparison of temporal variations of 

oceanic recycling rates between the observations and the model simulations averaged 

over 60°S to 60°N from 1988 to 2008. The recycling rate is estimated by the ratio of 

GPCP precipitation to SSM/I water vapor, which is seen as the blue solid line in 

Figure 2.5a. The oceanic mean recycling rate demonstrates a negative trend of -0.60 

± 0.51% decade-1 over the past two decades. 

The negative trend in the oceanic recycling rate suggests that the oceanic 

precipitation increases slower than the oceanic column water vapor, meaning that the 

hydrological cycle is recycling slower over the 60°S to 60°N region. Temporal 

variations of CMIP5 oceanic recycling rates are also seen in Figure 2.5a. The oceanic 

recycling rates from CMIP5 model simulations all propose negative trends with a 

range between -1.37% per decade and -0.40% per decade. CAM5 has the strongest 

negative trend of oceanic recycling rate compared to the other thirteen models. 

Although both the observations and the models suggest negative trends of oceanic 

recycling rates on the decadal scale, they differ significantly in relatively short-term 

inter-annual variations.  
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Figure 2.5: (a) Temporal variations of recycling rate averaged over ocean between 
60°N and 60°S. Blue solid line is recycling rate (ratio of GPCP precipitation to 
SSM/I water vapor). Color dashed lines are recycling rate time series from CMIP5 
models. (b) Trends and uncertainties for oceanic recycling rate time series from 
observations and CMIP5 models. 
	  
	  
 The recycling rate of model simulations covering land and ocean also shows 

strong negative trends. The noisy signals originate from the precipitation 

simulations, but all of the models show a consistency that the global recycling rate is 

slowing down. Figure 2.6 shows stronger support of the negative trends when land 

data are included. 
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Figure 2.6: (a) Temporal variations of recycling rate averaged over land and ocean 
between 60°N and 60°S. Color dashed lines are recycling rate time series from 13 
CMIP5 models. (b) Trends and uncertainties for oceanic recycling rate time series 
from 13 CMIP5 models. 
	  

	  
2.4 Spatial patterns of temporal variations of water vapor, 

precipitation, and recycling rate  

In addition, spatial patterns of temporal variations of column water vapor, 

precipitation, and recycling rate were also plotted. Figures 2.7 and 2.8 display the 

spatial patterns of temporal variations of oceanic column water vapor and 
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precipitation with the observation and the model simulations.  

	  

Figure 2.7: Spatial patterns of temporal variation of water vapor (𝛥𝑊  𝑊!!) over the 
time period of 1988-2008 from SSM/I and CMIP5 models. Color represents the ratio 
of temporal variation to time mean during one decade. (a) SSM/I water vapor. (b)-(n) 
Water vapor from CMIP5 simulations. Units are % decade-1. 
 
 
 

As shown in Figure 2.7a, there are positive trends of water vapor over the 

Northern Pacific Ocean, Northern Atlantic Ocean, and along the Inter-tropical 

Convergence Zone (ITCZ) from the SSM/I data. Most of the models are able to 

simulate the trends, although a few models such as INM, IPSL, MPI, and MRI, do 

not simulate positive trends in the ITCZ. 
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Figure 2.8: Spatial patterns of temporal variation of precipitation (𝛥𝑃  𝑃!!) over the 
time period of 1988-2008 from GPCP and CMIP5 models. Color represents the ratio 
of temporal variation to time mean during one decade. (a) GPCP precipitation. (b)-
(n) Precipitation from CMIP5 model simulations. Units are % decade-1. 
	  
	  
	  

As shown in Figure 2.8a, there are positive trends of precipitation over the 

ITCZ and the storm track regions as well as negative trends over the subtropical 

region. Most of the models have captured the distinctive pattern, showing the most 

percentage change over the ITCZ. However, the observational data propose a 

significant percentage change over the ITCZ where some models do not simulate the 

signals as strong as the observations. CAM5, CSIRO, GFDL, and MOHC models 
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show a similar strong percentage change with the observations whereas the INM 

model is particularly weak. Most of the models seem to underestimate the intensity 

of negative precipitation trends over the subtropical areas.  

   

	  

Figure2.9: Spatial patterns of temporal variation of recycling rate (𝛥𝑅  𝑅!!) over the 
time period of 1988-2008 from observation and models. (a) Recycling rate based on 
GPCP precipitation and SSM/I water vapor. (b)-(n) Recycling rate based on CMIP5 
precipitation and CMIP5 water vapor. Units are % decade-1. 
	  
 
 

Figure 2.9 shows the spatial pattern of recycling rate temporal variation from 

1988 to 2008. As seen in the Figure, the temporal variations of recycling rate are 
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positive over the ITCZ and the storm track regions, suggesting that the recycling rate 

of atmospheric moisture has intensified over these regions in response to global 

warming. Over these regions, the percentage change of precipitation is larger than 

that of column water vapor resulting in a faster recycling rate. The recycling rate 

displays negative temporal variations over the subtropical regions suggesting that the 

recycling rate of atmospheric moisture has slowed down in theses regions. Most of 

the models show positive recycling rates over the ITCZ regions, although a few 

models such as CNRM, INM, MPI, and NCC do not simulate similar trends. Most of 

the models are able to simulate the positive recycling rate over the high latitudes, 

however, has difficulties capturing the locations of the storm tracks. CCCMA, MPI, 

and MRI tend to simulate negative recycling rates better than the other models over 

the subtropical regions. 

 

2.5 Conclusions 

Precipitation data from GPCP and column water vapor data from SSM/I 

observations were combined with CMIP5 models to explore the recycling rate from 

1988 to 2008. Both the observations and the models suggest negative trends of 

oceanic mean recycling rate, which is a result of a weaker trend in the oceanic mean 

precipitation than the oceanic mean column water vapor. Overall, all the models 

simulated similar trends as the observations, which show consistent trends of 

decreasing oceanic mean-recycling rate. On the regional scale, the comparative 
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studies of recycling rate spatial patterns captured the dominant features in the 

temporal variations of recycling rates: a positive trend of recycling rate over the 

ITCZ and the storm track regions; a negative trend of recycling rate over the sub-

tropical dry areas. This suggests that the CMIP5 models are performing well in 

simulating the regional and global scale recycling rate variations. 

     The comparisons between the observations and the model simulations also 

reveal large discrepancies in inter-annual variations of the recycling rate. The 

analyses of simulations of precipitation and column water vapor further suggest that 

the discrepancies of recycling rate were mainly due to the poor simulations of 

precipitation. The simulations of relatively short-term variations of precipitation 

should be improved to better capture the recycling rate of atmospheric moisture for 

CMIP5 models. The improved simulations of recycling rate will help better 

understand the physics behind the temporal variation of the hydrological cycle in the 

global atmosphere.  
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Chapter 3 

Investigation of cloud variability over the past two decades using 

CMIP5 

3.1 Introduction 

The previous observational studies and climate models indicated that in the 

global domain, precipitation exhibits a weak positive trend (Adler et al., 2003; Gu et 

al., 2007; Adler et al., 2008; Li et al., 2011). However, precipitation shows strong 

positive and negative trends on the regional scale. By separating data into wet and 

dry regions suggested by the previous studies, precipitation had a tendency of 

increasing over the wet regions and decreasing tendency over the dry regions (Chou 

and Neelin, 2004; Allan and Soden, 2007; Chou et al., 2009; Li et al., 2011; Durack 

et al., 2012; Polson et al., 2013; Chou et al., 2013; Trammell et al., 2015).  

Precipitation can be influenced by factors such as temperature, circulation, 

solar forcing, anthropogenic forcing, and clouds (Trenberth and Shea, 2005; Shindell 

et al., 2006; Adler et al., 2008; Allan and Soden, 2008; Liu et al., 2009; Li et al., 

2011; bony et al., 2013; Su et al., 2014; Xie et al., 2015; Long et al., 2016). 

Therefore, precipitation is very difficult to simulate in climate models.  

The goal of this research is to investigate model performance in capturing the 
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variations of different variables over the climate extreme. This is accomplished by 

exploring precipitation, vertical velocity, cloud fraction, condensed water path, and 

ice-water path over wet and dry regions. The analyses of these variables can help to 

better understand the dynamics and physics of the temporal variations of 

precipitation over different regions. 

 

3.2 Data and models 

In this research, Global Precipitation Climatology Project (GPCP) version 2.2 

data was used to verify the model performances in capturing precipitation variation. 

GPCP was chosen because it captures long-term global precipitation data, which 

provides more of a complete view for this research. GPCP combines data from 

different satellites including Special Sensor Microwave Imager (SSM/I) and 

(SSMIS), GOES Precipitation Index (GPI), Outgoing long-wave radiation 

Precipitation Index (OPI), and Television and Infrared Observation Satellite 

Operational Vertical Sounder (TOVS). In addition, rain gauge stations and soundings 

were also combined to supply the most detailed global estimates of monthly 

precipitation with spatial resolution of 2.5°×2.5° latitude by longitude. This research 

is focused from 1988 to 2008 to address overlap accuracy concerns between GPCP 

and SSM/I data (Allan et al., 2010). 

The 500 hPa vertical velocity from the National Centers for Environmental 

Prediction 2 (NCEP 2) Reanalysis data (Kistler et al., 2001) was also used to study 
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the circulation over the regions with climate extremes. Similar time frames as GPCP 

are used from 1988 to 2008 with spatial resolution of 2.5°×2.5° latitude by longitude. 

The model data for this research is from the Atmosphere-Ocean Coupled 

Model Inter-comparison Project 5 (CMIP5) (Taylor et al., 2012). There are thirteen 

models including CAM5, CCMA, CNRM, CSIRO, GFDL, GISS, INM, IPSL, 

MIROC, MOHC, MPI, MRI, and NCC. Precipitation, vertical velocity, cloud 

fractions, condensed water path, and ice water path variables are studied to 

understand the physical mechanisms of precipitation variability. 

 

3.3 Variations of precipitation, vertical velocity, total cloud, 

condensed water path, and ice water path over wet and dry areas 

The goal for this task is to understand the mechanisms of temporal variations 

of precipitation. Therefore, the correlations of spatiotemporal variations between 

precipitation and associated meteorological variables were examined. Variables such 

as vertical velocity, total clouds, condensed water path, and ice water path associated 

with precipitation patterns were explored to understand the physical mechanisms of 

precipitation variability. The variables were examined in different climate extremes 

separated into wet and dry areas. Precipitation climatology was first calculated to 

define wet and dry regions: the areas with monthly mean precipitation larger than 

200 mm month-1 (i.e., wet region) and less than 50 mm month-1 (i.e., dry region) 

(Trammell et al., 2015). 
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El Nino-Southern Oscillation (ENSO) signals were removed from all the time 

series using multiple regression method based on the Nino 3.4 index (Li et al., 2011). 

Legendre first, second and third polynomials, annual cycles, semi-annual cycles, and 

ENSO signals were regressed from the original time series. A low-pass filter was 

applied to all the time series to remove the high-frequency signals constructed upon 

the convolution of a step function with a Hanning window and was chosen to obtain 

a full signal from the periods longer than three years (Jiang et al., 2004). 

 

3.3.1 Spatial and temporal variations of mean precipitation in wet 

and dry regions 

 The climatological precipitation from GPCP and thirteen CMIP5 models is 

calculated from 1988 to 2008. The results are shown in Figure 3.1.  
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Figure 3.1: Spatial patterns of mean precipitation from GPCP and CMIP5 from 1988 
to 2008 over 60°S to 60°N. Units are mm month-1. 
 

As seen in Figure 3.1, the high precipitation area is concentrated along the 

Inter-Tropical Convergence Zone (ITCZ). The low-precipitation area covers most of 

the regions in the subtropics and mid-latitudes. Models exhibit good performances in 

capturing the mean precipitation pattern. However, most of the models show greater 

magnitude than that in the GPCP observational data.  

     Time series of the precipitation over the climatological wet areas 

(precipitation > 200 mm month-1) and dry areas (precipitation < 50 mm month-1) 

were plotted as seen Figure 3.2. 
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Figure 3.2: (a) Temporal variations of precipitation over wet areas (P > 200 mm 
month-1) between 60°N and 60°S. Color dashed lines represent results from 13 
CMIP5 models. Red solid line represents the averaged precipitation from all model 
simulations. Blue solid line represents result from GPCP. (b) Trends and 
uncertainties for precipitation over wet areas from CMIP5 models and GPCP. (c), (d) 
are the same as (a) and (b) except  are for dry areas (P < 50 mm month-1). 
 

 

GPCP precipitation was plotted as a blue solid line as seen in Figure 3.2(a) 

and (c). The precipitation climatology was separated into wet and dry areas as mean 

precipitation greater than 200 mm month-1 and less than 50 mm month-1. As seen in 

Figure 3.2(a) and (b), the mean precipitation time series demonstrate an increasing 
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trend in the wet areas, seen both in the observational data and the model simulations. 

The trend and uncertainty for the GPCP mean precipitation over the wet areas is 9.09 

± 4.69 mm month-1 decade-1 with the models ranging from 2.9 mm month-1 decade-1 

to 11.4 mm month-1 decade-1. Figure 3.2(c) and (d) shows that the mean precipitation 

in the dry areas has a decreasing trend of -0.86 ± 0.77 mm month-1 decade-1. The 

linear trends and corresponding uncertainties for the time series were calculated from 

the least-square fitting method (Bevington and Robinson, 2003; Li et al., 2011). The 

red solid line represents the multi-model mean precipitation with a trend of 6.22 ± 

3.75 mm month-1 decade-1. The dry areas show negative trends range from -1.33 mm 

month-1 decade-1 to -0.19 mm month-1 decade-1. This suggests that the models were 

able to capture the precipitation variations reasonably well.  

	  

3.3.2 Examine the reasons of precipitation variations by exploring 

meteorological variables associates with precipitation  

 

The model performances were confirmed in the above section. In this section, 

multiple meteorological variables were investigated to understand the possible 

reasons driving the precipitation variations. Some preliminary data have been 

explored before the research was conducted. The convective clouds demonstrated 

some strong signals in connection with the precipitation. Therefore, 500 hPa vertical 

velocity from NCEP2 and CMIP5 models over wet and dry areas were analyzed, 
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shown in Figure 3.3.  

The corresponding trends in NCEP2 500 hPa vertical velocity for the wet 

areas are 0.68 ± 0.18 mm s-1 decade-1 and -0.14 ± 0.04 mm s-1 decade-1 for the dry 

areas. The positive trend of vertical velocity over the wet areas suggests that the 

rising air is strengthening over the wet regions, leading to an increase in 

precipitation. As seen in Figure 3.3(c), negative vertical velocity indicates sinking air 

dominates over the dry areas, resulting in decreasing precipitation over those regions. 

Most of the models exhibit positive trends over the wet areas. The trend of multi-

model mean vertical velocity is 0.14 ± 0.11 mm s-1 decade-1 over the wet areas and is 

-0.016 ± 0.015 mm s-1 decade-1 over the dry areas. The trends from the models are 

weaker than that from NCEP2 data. 
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Figure 3.3: (a) Temporal variations of 500 hPa vertical velocity over wet areas (P > 
200 mm month-1) between 60°N and 60°S. Color dashed lines represent results from 
13 CMIP5 models. Red solid line represents the averaged vertical velocity from all 
model simulations. Blue solid line represents result from NCEP2 Reanalysis. (b) 
Trends and uncertainties for 500 hPa vertical velocity over wet areas from CMIP5 
models and NCEP2. (c) and (d) are the same as (a) and (b) except for dry areas (P < 
50 mm month-1). 

 

Another important factor affecting precipitation amount is cloud physics. 

Here, the total clouds, low clouds, high clouds, condensed water path, and ice water 

path were examined to better understand the physics of precipitation variations. 

Figure 3.4 shows temporal variations of total cloud fractions from thirteen models 

from 1988 to 2008.  
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Figure 3.4: (a) Temporal variations of total cloud percentage over wet areas (P > 200 
mm month-1) between 60°N and 60°S. Color dashed lines represent results from 13 
CMIP5 models. Red solid line represents the averaged total cloud percentage from 
all model simulations. (b) Trends and uncertainties of total cloud percentage over 
wet areas from CMIP5 models. (c) and (d) are the same as (a) and (b) except for dry 
areas (P < 50 mm month-1). 
 
 

Figure 3.4 shows that all models demonstrate increasing tendencies of total 

cloud fractions over the wet areas with a range from 0.14 % decade-1 to 0.9 % 

decade-1.  The trend of multi-model mean total cloud fraction over the wet areas is 

0.49 ± 0.32 % decade-1. The positive trends in total cloud fractions have a strong 

connection to the enhanced vertical velocity in the wet areas. The trend of multi-
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model mean total cloud fraction over the dry areas is -0.20 ± 0.07 % decade-1. Most 

of the models show decreasing tendencies of total cloud percentage in the dry areas. 

Only the NCC model suggests increasing total cloud percentage.  The total cloud 

percentage time series over the dry areas appears to be very noisy. The fact that there 

are very few clouds present in the dry region makes it very hard to simulate the total 

cloud signals. Low clouds and high clouds were also examined to see the detailed 

breakdown of how different levels of clouds may have associations with the 

precipitation variations.  

Figure 3.5 shows temporal variations of low cloud fractions from 1988 to 2008. Most 

of the models simulated positive trends of the low cloud percentage over the wet 

areas and negative trends of low cloud percentage over the dry areas, with only a few 

outliers.   
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Figure 3.5: (a) Temporal variations of low cloud percentage over wet areas (P > 200 
mm month-1) between 60°N and 60°S. Color dashed lines represents results from 13 
CMIP5 models. Red solid line represents the averaged low cloud percentage from all 
model simulations. (b) Trends and uncertainties of low cloud percentage over wet 
areas from CMIP5 models. (c) and (d) are the same as (a) and (b) except for dry 
areas (P < 50 mm month-1). 

 

Temporal variations of high cloud fractions from 1988 to 2008 are shown in 

Figure 3.6. The high cloud percentage change in Figure 3.6 shows increasing trends 

of high clouds over the wet areas and decreasing trends of high clouds over the dry 

areas. Once again, the results display very noisy signals in the dry areas due to 

limited clouds present in the dry regions. 
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Figure 3.6: (a) Temporal variations of high cloud percentage over wet areas (P > 200 
mm month-1) between 60°N and 60°S. Color dashed lines represents results from 13 
CMIP5 models. Red solid line represents the averaged high cloud percentage from 
all model simulations. (b) Trends and uncertainties of high cloud percentage over 
wet areas from CMIP5 models. (c) and (d) are the same as (a) and (b) except for dry 
areas (P < 50 mm month-1).  
	  
	  
	  
 The high clouds exhibit highly consistent positive trends over the wet areas. 

In the dry region, only CCCMA demonstrates a positive trend of high cloud 

percentage. The remainders of the models illustrate negative trends.  

     In addition to cloud fractions, ice and liquid contents in the clouds were also 

explored in the wet and dry areas. Here, condensed water path temporal variation 
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was investigated in different climatological extremes, shown in Figure 3.7. 

Condensed water path is defined by the total of ice and liquid water in a column 

divided by the area of the column. 

	  

Figure 3.7: (a) Temporal variations of condensed water path over wet areas (P > 200 
mm month-1) between 60°N and 60°S. Color dashed lines represents results from 13 
CMIP5 models. Red solid line represents the averaged condensed water path from all 
model simulations. (b) Trends and uncertainties of condensed water path over wet 
areas from CMIP5 models. (c) and (d) are the same as (a) and (b) except for dry 
areas (P < 50 mm month-1). 
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The above Figures show that all of the models demonstrate the consistent 

increasing tendency of condensed-water path over the wet region. The trend of multi-

model mean condensed-water path over the wet areas is 3.5 ± 1.8 g m-2 decade-1. 

However, not all models simulated decreasing trends of liquid and ice water contents 

in the dry regions. The trend of multi-model mean condensed water path over the dry 

areas is -0.4 ± 0.2 g m-2 decade-1. CAM5 and GFDL suggest increasing trends of 

liquid and ice contents in the dry regions while some of the other models show no 

significant trends over the dry areas. 
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Figure 3.8: (a) Temporal variations of ice water path over wet areas (P > 200 mm 
month-1) between 60°N and 60°S. Color dashed lines represents results from 13 
CMIP5 models. Red solid line represents the averaged ice water path from all model 
simulations.  (b) Trends and uncertainties of ice water path over wet areas from 
CMIP5 models. (c) and (d) are the same as (a) and (b) except for dry areas (P < 50 
mm month-1). 
	  

	  

The ice content was measured as the ice water in an area of the column. The 

ice crystal growth is essential in developing precipitation via the Bergeron process 

(Harper, 2007). The ice water path was averaged over the wet areas from 1988 to 

2008, shown in Figure 3.8 (b). This shows that all model simulations suggest ice 
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contents in the cloud have increased over the wet areas. The trend of multi-model 

mean ice-water path over the wet areas is 1.5 ± 1.0 g m-2 decade-1. GISS and GFDL 

models indicate much larger trends of ice contents than other CMIP5 models over 

the wet areas. This result indicates the possibilities of increasing amounts of 

convective clouds in the region because convective clouds can grow higher into the 

atmosphere where water vapor will freeze. The rest of the models have very weak 

positive trends of ice content over the wet areas. Figure 3.8 (d) shows the trends of 

ice content over the dry areas from all models.  Most of the models suggest negative 

trends of ice-water content over the dry areas, except the GFDL. The trend of multi-

model mean ice-water path over the dry areas is -0.3 ± 0.1 g m-2 decade-1.  

In summary, our analyses of the above meteorological variables associated 

with precipitation over different climate regions provide a clearer picture of the 

dynamics and physics of the precipitation variability. The positive trends of vertical 

velocity over the wet areas suggest stronger rising motion in that region, which 

further enhance cloud formations. Increasing cloud fraction, ice, and liquid water 

content were evident and all contribute to enhanced intensity and frequency of 

precipitation over the wet areas. The increasing liquid and ice-water contents support 

important microphysical processes in developing precipitation such as collision, 

coalescence, and aggregation (Salby, 2012). In addition, the increasing ice-water 

content indicates that the Bergeron process (Harper, 2007) is also vital in enhancing 

precipitation over the wet areas. On the other hand, the weakening vertical motion in 
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the dry areas reduces cloud formation. As a consequence, precipitation-developing 

mechanisms over the dry areas are suppressed.  

 

3.4 Conclusion 

Temporal variations of precipitation, vertical velocity, total clouds, low 

clouds, high clouds, condensed water path, and ice water path were examined from 

1988 to 2008. CMIP5 models simulated consistent precipitation trends over the two 

climate extremes as those from GPCP data. Most CMIP5 models simulated positive 

trends of vertical velocity over the wet areas and negative trends over the dry areas, 

although the magnitudes are weaker than that from the NCEP2 vertical velocity. The 

result indicates that there were increasing rising motions in the wet region. Total 

cloud percentage was also explored and was found to have similar trends of 

increasing percentage over the wet region. This result demonstrates that the 

increasing vertical velocity over the wet areas leads to more cloud coverage. As a 

consequence, induced precipitation formation occurs over the region. Although it is 

difficult to simulate cloud patterns in the dry areas due to limited clouds present in 

the region, most of the models still simulated slight decreasing trends of total clouds.  

  Liquid and ice content also demonstrated similar patterns of a positive trend 

over the wet areas and a negative trend over the dry areas. However, GFDL is an 

exception which shows increasing ice content over both regions with a larger 

positive trend magnitude than any other model over the wet areas. This could be 
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explained by the increasing amount of convective clouds in the region. The fact that 

convective clouds grow larger and higher into the atmosphere can lead to increasing 

ice content in the clouds.  

The overall model performances were reasonable in capturing cloud 

variations. The results obtained from this study could help better characterize the 

variability of precipitation. This research is important for better simulation of 

precipitation and to understand the long-term variations of these associated 

meteorological variables.  

     The analyses of numerical simulations from CMIP5 models reveal 

qualitatively consistent trends of the meteorological variables related to precipitation. 

These consistent trends provide a better scope of the dynamics and physics of the 

precipitation temporal trends. As a result, the vertical motion is a key component 

affecting cloud formation as well as liquid and ice content that influence the 

developing mechanisms of precipitation. 

 

3.5 Acknowledgements 

This research is supported by NASA grant NNX13AC04G. GPCP V2.2 data 

are provided by the center of Earth System Research Laboratory from the website at 

http://www.esrl.noaa.gov/psd/data/gridded/data.gpcp.html.  



	   48	  

	  

	  

Chapter 4 

Impact of Droughts on CO2 from Atmospheric Infrared Sounder  

4.1 Introduction 

Atmospheric CO2 plays an essential role in global warming. It is found that 

the CO2 concentration is increasing with a range of 1.5 to 2 parts per million by 

volume (ppm) every year (Keeling et al., 1995; Sarmiento et al., 1999; Trans et al., 

2014). The positive trend of CO2 concentration has a significant influence on global 

warming (Dickinson and Cicerone, 1986; IPCC, 2007). In addition to the positive 

trend, CO2 concentrations also demonstrate a seasonal cycle as a response to the 

uptake and release of CO2 from the biosphere (Pearman and Hyson, 1980; Pearman 

and Hyson, 1981; Cleveland et al., 1983; Bacastow et al., 1985; Keeling et al., 1996; 

Buermann et al., 2007; Jiang et al., 2016). Recent CO2 retrievals from satellites 

(Crisp et al., 2004; Miller et al., 2007; Chahine et al., 2008; Crevoisier et al., 2009; 

Kulawik et al., 2010; Boesch et al., 2011; Crisp et al., 2012; Kulawik et al., 2016; 

Crisp et al., 2017) provide a unique opportunity to explore CO2 variability over a 

global domain. Utilizing the satellite CO2 retrievals, it was found that the intra-

seasonal variability, such as semi-annual oscillation and Madden-Julian Oscillation 

(MJO) could modulate mid-tropospheric CO2 concentrations (Jiang et al., 2016; Li et 
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al., 2010; Jiang et al., 2012). The inter-annual variability, such as El Nino-Southern 

Oscillation and Northern Annular Mode, also has impacts on CO2 concentrations.  

To explore the relationship between mid-tropospheric CO2 and surface CO2 

emission, Pagano et al. (2014) investigated the correlation between the mid-

tropospheric CO2 and gross primary production (GPP) from the biosphere in July 

over 40ºN-50ºN. The high correlation coefficient of -0.8 was found between the mid-

tropospheric CO2 and GPP, which indicates a strong influence of the boreal forests 

on the seasonal drawdown of mid-tropospheric CO2 in the mid-latitudes of the 

Northern Hemisphere. Large GPP implies more photosynthesis with more CO2 

uptake from the biosphere, thus leaving less CO2 in the atmosphere. Using CO2 data 

over Mauna Loa, scientists (Buermann et al., 2007) found that the decline in the CO2 

seasonal cycle amplitudes is related to reductions in the carbon sequestration as 

responses to severe droughts and changes in the atmospheric circulation.  

In the past few years, drought was a severe problem over the southwest USA, 

and the most recent drought in California was the most severe in the past 1200 years 

(Griffin and Anchukaitis, 2014). However, the investigations of the relationship 

between the drought events and the concentration of CO2 over the southwest USA 

are lacking. The relatively long-term CO2 retrieval from the Atmospheric Infrared 

Sounder (AIRS) provides a unique opportunity to examine such a relationship. In 

this chapter, satellite CO2, vertical pressure velocity, and CO2 surface flux emissions 

will be utilized to investigate the impact of droughts on CO2 concentrations in the 
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mid-troposphere over the southwest USA.   

 

4.2 Data 

Tropical Rainfall Measuring Mission (TRMM) precipitation was employed to 

identify dry and wet years in this chapter. TRMM precipitation data (Version 7 

3A12) are available at 0.25º × 0.25º (latitude by longitude) from 50ºS-50ºN. These 

data are monthly means from 1998 to the present. TRMM calibrated precipitation 

data combined precipitation estimates from several different instruments, including 

TMI, AMSR-E, SSM/I, and AMSU-B (Huffman et al., 2007). It was downloaded 

online1.  

AIRS Version 5 mid-tropospheric CO2 mixing ratios (Chahine et al., 2005; 

Chahine et al., 2008; Jiang et al., 2015) were used in this study. AIRS mid-

tropospheric CO2 data were retrieved by the Vanishing Partial Derivative (VPD) 

method (Chahine et al., 2005; Chahine et al., 2008). CO2 retrievals were obtained 

when the first partial derivatives of radiances with respect to CO2, temperature, water 

vapor, and ozone were equal to zero. AIRS mid-tropospheric CO2 has a maximum 

sensitivity between 500 hPa and 300 hPa (Chahine et al., 2005; Chahine et al., 2008; 

Olsen et al., 2015). The spatial resolution of AIRS CO2 retrieval is 2° × 2.5° (latitude 

by longitude) from 60°S to 90°N. The data spans from September 2002 to December 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

1	  http://disc.sci.gsfc.nasa.gov/gesNews/trmm_v7_available	  
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2013 were downloaded online2 (Olsen et al., 2015). The precision for the AIRS CO2 

data was about 1-2 ppm between latitudes 40°S and 40°N (Chahine et al., 2005; 

Chahine et al., 2008; Olsen and Licata, 2015).  

CO2 surface fluxes from the biosphere and biomass burning were used to 

explore CO2 surface emissions during dry and wet years. The exchange of CO2 

between the biosphere and the atmosphere was from the Carnegie-Ames-Stanford 

Approach (CASA) biogeochemical model, which included the effects of weather, 

satellite observed Normalized Difference Vegetation Index (NDVI), and fire on 

biosphere processes (Olsen and Randerson, 2004; van der Werf et al., 2006; Giglio et 

al., 2006). Net Ecosystem Production (NEP), Gross Primary Production (GPP), and 

Ecosystem Respiration from CASA biogeochemical model were used to explore the 

influence of droughts on CO2 fluxes from the biosphere. NEP represents the net 

exchange of CO2 between the biosphere and the atmosphere, which was calculated as 

a difference between the ecosystem respiration and GPP. Ecosystem respiration is 

the autotrophic and heterotrophic respirations of the biosphere. GPP is a measure of 

carbon uptake by plants during photosynthesis processes. The CO2 biomass burning 

emissions data were taken from Global Fire Emissions Database Version 4.1 

(GFEDv4.1) (Randerson et al., 2013). CO2 emissions from the biosphere and 

biomass burning are available at 0.25º × 0.25º (latitude by longitude). These data are 

monthly means from 1997 to 2013. CO2 surface emission data are available online3.  

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

2	  http://disc.sci.gsfc.nasa.gov/AIRS/data-holdings/by-data-product-v5/AIRX3C2M	  
3	  http://www.globalfiredata.org/	  
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Vertical pressure velocity data from National Centers for Environmental 

Prediction 2 (NCEP2) Reanalysis data (Kistler et al., 2001) were used to explore the 

influence of circulation on CO2. The spatial resolution of NCEP2 vertical pressure 

velocity data was 2.5º × 2.5º (latitude by longitude) from 1979 to present. NCEP2 

data was downloaded online4. 

 

4.3 Defining the dry and wet years 

 Tropical Rainfall Measuring Mission (TRMM) precipitation data was used to 

identify the wet and dry years. TRMM is available at 0.25°×0.25° (latitude by 

longitude) from 50°S to 50°N with monthly mean data since 1998. It calibrates 

precipitation data by combining estimates from instruments including TMI, AMSR-

E, SSM/I, and AMSU-B (Huffman et al., 2007). The data were averaged over the 

southwest USA from 32°N to 42°N and 235°E to 249°E from June to September 

(JJAS). The average TRMM precipitation over the southwest USA was plotted in the 

black solid line in Figure 4.1. To identify wet and dry years, we calculated Tropical 

Rainfall Measuring Mission (TRMM) precipitation over the southwest USA (32°N-

42°N, 235°E-249°E) from June to September (JJAS) in 2003 to 2013. Averaged 

TRMM precipitation over the southwest USA in JJAS was plotted as a black solid 

line in Figure 4.1. The mean value and the standard deviation were estimated from 

TRMM precipitation data in JJAS over the southwest USA. Wet (dry) years are 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

4	  http://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis2.html	  
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classified as 0.5 times the standard deviation above (below) the mean value of 

precipitation data. The red dashed lines in Figure 4.1 represent mean precipitation +/- 

0.5 times the standard deviation of TRMM precipitation. As shown by red dots in 

Figure 4.1, 2006, 2008, 2011, and 2012 are the wet years, as they place above 0.5 

times the standard deviation of the mean value. 2003, 2007, and 2010 are the dry 

years as shown by blue dots in Figure 4.1. 

	  

Figure 4.1: TRMM precipitation (black solid line) averaged over the southwest USA 
(32°N-42°N, 235°E-249°E) from June to September during 2003 to 2013. Red 
dashed lines represent mean precipitation +/- 0.5 times standard deviation of 
precipitation. Units for precipitation are mm month-1. Red and blue dots indicate wet 
and dry years, respectively. 
 
 

4.4 AIRS mid-tropospheric CO2 during dry and wet years 

To investigate the influence of droughts on AIRS mid-tropospheric CO2, the 
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linear trend from the AIRS mid-tropospheric CO2 data was removed. The linear 

trend was calculated using the first order polynomial by the least-square method 

(Bevington and Robinson, 2003). Difference in AIRS detrended mid-tropospheric 

CO2 between dry and wet years was calculated. The mean values of AIRS detrended 

CO2 for the dry years (JJAS of 2003, 2007, and 2010) and wet years (JJAS of 2006, 

2008, 2011, and 2012) were calculated. Figures 4.2a and 4.2b demonstrate spatial 

patterns of the detrended AIRS CO2 for the dry years and wet years, respectively. 

The difference in AIRS mid-tropospheric CO2 between dry and wet years is shown 

in Figure 4.2c. Results indicate that there was more CO2 over the southwest USA 

during the dry years than the wet years. The CO2 difference between dry and wet 

years is ~1 ppm. A bootstrap method was used to calculate the statistical significance 

of CO2 differences between dry years and wet years (Efron and Tibshirani, 1993; 

Ruzmaikin et al., 2005). The bootstrap method can be used for any distribution 

function of the data (Efron and Tibshirani, 1993). 3000 bootstrap samples were 

generated for the data at each grid. For each bootstrap sample, we repeated the 

random resampling of the data. A distribution was generated by the 3000 values, 

which was used to estimate the confidence interval at each grid. The CO2 differences 

were statistically significant at the 10% level, which were plotted as the green area in 

Figure 4.2c. As seen in Figure 4.2d, the CO2 difference is within 10% significance 

level in all regions. 
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Figure 4.2: (a) The mean value of AIRS CO2 concentration in dry years (JJAS of 
2003, 2007, and 2010), (b) The mean value of AIRS CO2 concentration in wet years 
(JJAS of 2006, 2008, 2011, and 2012), (c) CO2 differences between the dry and wet 
years, (d) CO2 differences within 10% significance level are highlighted in green. 
Units for CO2 are ppm in (a)-(c). 
	  

	  

4.5 Mechanisms for high CO2 concentrations during droughts 

  To explore possible mechanisms for high CO2 concentrations during the dry 

years, vertical-pressure velocity and CO2-surface emissions during dry and wet years 

were investigated. Vertical pressure velocity during dry years and wet years are 

shown in Figures 4.3a and 4.3b, respectively. The negative value of vertical-pressure 

velocity represents rising air, while the positive value of vertical-pressure velocity 
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represents sinking air. As seen in Figures 4.3a and 4.3b, there was rising air for most 

of the regions for both dry and wet years. The difference in vertical-pressure velocity 

between dry and wet years is shown in Figure 4.3c. There are stronger rising motions 

in the dry years than in the wet years over northern California, Nevada, Utah, and 

Arizona. The stronger rising motion in the dry years can bring more CO2 from the 

surface into the mid-troposphere, which contributes to the high CO2 concentrations 

in the mid-troposphere. Additionally, the surface temperature is higher over land 

during the dry years than the wet years. This leads to an unstable environment, which 

will move air from the surface to the mid-troposphere. Rising air can further bring 

high-surface concentration CO2 into the mid-troposphere, causing positive CO2 

anomalies during dry conditions. 
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Figure 4.3: (a) The mean value of vertical-pressure velocity in dry years (JJAS of 
2003, 2007, and 2010), (b) The mean value of vertical-pressure velocity in wet years 
(JJAS of 2006, 2008, 2011, and 2012), (c) Vertical-pressure velocity differences 
between the dry and wet years, (d) Vertical-pressure velocity differences within 10% 
significance level are highlighted in green. Units for vertical-pressure velocity are 
10-2 Pa s-1 in (a)-(c). 
 
 
 

In addition to the vertical-pressure velocity, the CO2-surface emissions are 

also explored to see if they have an influence on mid-tropospheric CO2 

concentrations during drought conditions. The mean value of Net Ecosystem 

Production (NEP) during the dry years and wet years are shown in Figures 4.4a and 

4.4b. NEP represents the net exchange between the biosphere and the atmosphere. 



	   58	  

	  

	  

Positive NEP means that CO2 is released from the biosphere to the atmosphere, 

while negative NEP suggests that CO2 is removed from the atmosphere by vegetative 

uptake. As shown in Figures 4.4a and 4.4b, NEP was positive over southern 

California and Arizona and negative over northern California and parts of Utah. NEP 

differences between the dry and wet years are shown in Figure 4.4c. There were 

positive NEP anomalies over most regions in Nevada, Utah, parts of California, and 

Arizona. This illustrates that more CO2 was emitted into the atmosphere from the 

biosphere during the dry years. The increasing CO2 emissions from the biosphere can 

contribute to high CO2 concentrations during the dry years. Additionally, there were 

minimal negative NEP anomalies over California and Arizona seen during the dry 

years. 
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Figure 4.4: (a) The mean value of Net Ecosystem Production (NEP) in dry years 
(JJAS of 2003, 2007, and 2010), (b) The mean value of NEP in wet years (JJAS of 
2006, 2008, 2011, and 2012), (c) NEP differences between the dry and wet years. (d) 
NEP differences within 10% significance level are highlighted in green. Units for 
NEP are g C m-2 mon-1 in (a)-(c). 
 
 

Since NEP measures photosynthesis and respiration from the biosphere, we 

explore Gross Primary Production (GPP) and ecosystem respiration in Figures 4.5 

and 4.6. GPP represents the photosynthesis from the biosphere. The difference in 

GPP between the dry and wet years is shown in Figure 4.5c. Negative GPP 

anomalies were seen over Nevada and California in Figure 4.5c, suggesting there 

was less photosynthesis from the biosphere during the dry years. Less photosynthesis 
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means less CO2 uptake from the biosphere, thus leaving more CO2 to remain in the 

atmosphere during the dry years over Nevada and California. There were also 

positive anomalies of GPP over Arizona and Utah, meaning more CO2 was removed 

from the atmosphere over these regions during the dry years. This is partly canceled 

by the positive anomalies of ecosystem respiration in the same regions (Figure 4.6c). 

The difference in respiration from the biosphere is shown in Figure 4.6c. As shown 

in Figure 4.6c, the difference in respiration was positive over Nevada, Utah, Arizona, 

and some areas in California, which suggest more CO2 was released into the 

atmosphere due to respiration during the dry years over these regions. These help 

contribute to the positive CO2 anomalies in the atmosphere. There were also some 

negative anomalies of respiration over California, which meant less CO2 released 

into the atmosphere due to respiration.  
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Figure 4.5: (a) The mean value of Gross Primary Production (GPP) in dry years 
(JJAS of 2003, 2007, and 2010), (b) The mean value of GPP in wet years (JJAS of 
2006, 2008, 2011, and 2012), (c) GPP differences between the dry and wet years. (d) 
GPP differences within 10% significance level are highlighted in green. Units for 
GPP are g C m-2 mon-1 in (a)-(c). 
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Figure 4.6: (a) The mean value of Ecosystem Respiration (Re) in dry years (JJAS of 
2003, 2007, and 2010), (b) The mean value of Re in wet years (JJAS of 2006, 2008, 
2011, and 2012), (c) Re differences between the dry and wet years. (d) Re 
differences within 10% significance level are highlighted in green. Units for Re are g 
C m-2 mon-1 in (a)-(c). 
 
 
 

In addition to the net exchange between the biosphere and the atmosphere, 

CO2 biomass burning during the dry and wet years was studied. CO2 biomass 

burning difference between the dry and wet years is shown in Figure 4.7c. The 

difference in CO2 from biomass burning between the dry and wet years is a little 

noisy. As shown in Figure 4.7c, there were positive CO2 anomalies from biomass 

burning over some areas. There were also some negative CO2 anomalies, which 
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might be due to the different locations of biomass burning in different years. 

	  

	  

Figure 4.7: (a) The mean value of biomass burning in dry years (JJAS of 2003, 2007, 
and 2010), (b) The mean value of biomass burning in wet years (JJAS of 2006, 2008, 
2011, and 2012), (c) Biomass burning differences between the dry and wet years, (d) 
Biomass burning differences within 10% significance level are highlighted in green. 
Units for biomass burning are g C m-2 mon-1 in (a)-(c). 
	  
	  
	  
4.6 Conclusions 

The concentration of CO2 and precipitation play critical roles in global 

warming and the hydrological cycle, respectively. The long-term CO2 retrievals from 

the AIRS aboard the Aqua satellite and the precipitation measurements from TRMM 
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provided a great opportunity to explore the interaction between CO2 and 

precipitation, two important components of the climate system. Our analyses based 

on new observations suggest that the mid-tropospheric CO2 concentrations are higher 

during dry years than wet years over the southwest USA. Mid-tropospheric CO2 

concentrations are ~1 ppm higher during dry years than the wet years.  

We further used reanalysis meteorology datasets to explore the physics 

behind the relationship between droughts and CO2. As shown in NCEP2 vertical-

pressure velocity, there is stronger rising motion over the southwest USA during 

drought conditions, which can bring high concentrations of CO2 from the surface to 

the mid-troposphere and lead to increasing CO2 concentrations in the mid-

troposphere. CO2 surface fluxes such as NEP, GPP, respiration, and biomass burning 

are used to explore the impact of droughts on CO2 concentrations. The signals in the 

CO2 surface fluxes were a little noisy. During the dry years, there were less CO2 

uptakes from the biosphere due to decreased photosynthesis activities in some 

regions (e.g. northern California and Nevada). As a result, more CO2 remained in the 

atmosphere. There were also positive anomalies of CO2 emissions associated with 

respiration over Arizona, Utah, and Nevada. Positive anomalies of CO2 from the 

biomass burning were also seen in some regions. These results suggest that vertical 

velocity and biosphere activities can contribute to the positive CO2 anomaly during 

droughts.  

Results obtained from this study suggest that droughts over the southwest 
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USA lead to increasing CO2 in the mid-tropospheric atmosphere during the dry 

years. Our analyses also suggest that the atmospheric dynamics (e.g., vertical 

motion) affects the concentration of CO2 in the mid-troposphere. Finally, the 

relationship between the CO2 concentrations and the surface biologic activities 

explored in this study will help us better understand the interaction between the 

biosphere and the atmosphere. The frequencies of extreme weather events (such as 

droughts and floods) have increased over the last decade, consistent with a warmer 

and wetter atmosphere driven by radiative imbalance from greenhouse gas warming 

(McElroy and Baker, 2014). Results in this chapter reveal that droughts can, in turn, 

change the CO2 concentrations in the atmosphere. These results provide a better 

understanding of Earth’s climate system by supplying the quantitative analysis of the 

impact droughts have on CO2.   
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Chapter 5 

Influence of Pacific North American Pattern (PNA) on Mid-

tropospheric CO2 

5.1 Introduction 

As an important greenhouse gas, atmospheric CO2 plays a critical role in 

global warming and climate change (Dickinson and Cicerone, 1986; IPCC, 2007). 

Monitoring the concentrations of atmospheric CO2 starts from the 1950s, when 

scientists tried to measure concentrations of carbon dioxide at Mauna Loa, Hawaii. 

Now there are more than 100 surface stations over the globe measuring the 

atmospheric CO2 at the surface. Data from surface stations demonstrate positive 

increasing trends of CO2 over the whole globe with a larger increasing trend in the 

northern hemisphere than in the southern hemisphere. There are more CO2 emissions 

at the surface in the northern hemisphere (Keeling et al., 1995; Tans et al., 2014). 

Similarly, CO2 seasonal cycle also has larger amplitude in the northern hemisphere 

than in the southern hemisphere, which is related to photosynthesis and respiration 

from vegetation and forests. There are more CO2 contributions from the biosphere 

because land and plants are more concentrated in the northern hemisphere (Pearman 

and Hyson, 1980; Keeling et al., 1996; Jiang et al., 2016). To better understand CO2-
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surface sources and sinks, NASA launched satellites to monitor the global 

distribution of atmospheric CO2 from space (Chahine et al., 2005; Kulawik et al., 

2010; Crisp et al., 2017). The new global satellite CO2 retrievals are a unique 

opportunity to explore integrated CO2 variability and CO2-surface sources and sinks. 

Using mid-tropospheric CO2 data from satellite retrievals, scientists found the 

atmospheric CO2 can be modulated by monsoon (Wang et al., 2011), South Atlantic 

Walker Circulation (Jiang et al., 2015), Madden-Julian Oscillation (Li et al., 2010), 

and El Niño and Southern Oscillation (Jiang et al., 2010; Jiang et al., 2013). Previous 

analyses mainly focused on exploring the CO2 variability in the tropical region or 

limited to the surface. In this chapter, we will explore the variability of atmospheric 

CO2 over North America, especially the influence of Pacific North American pattern 

(PNA) on CO2 over North America.  

PNA is the most important climate pattern in the Northern Hemisphere. PNA 

has the strongest influence near the North Pacific subtropical high, the Aleutian low, 

northwestern North America, and the Florida panhandle (Wallace and Gutzler, 1981; 

Vega et al., 1995). During the positive phase of PNA, there were positive 

geopotential height anomalies over the western United States and negative 

geopotential height anomalies over the eastern United States (Wallace and Gutzler, 

1981). Associated with anomalies in geopotential height, there were positive 

temperature anomalies over the western United States and negative temperature 

anomalies over the eastern United States (Wallace and Gutzler, 1981).  
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There are two different methods to calculate PNA index. PNA index can be 

calculated from a combination of geopotential-height anomalies at the grid points 

near the anomaly field centers (Wallace and Gutzler, 1981; Yarnal and Diaz, 1986; 

Leathers et al., 1991). It can also be defined as the second principal component of the 

500 hPa geopotential height in the northern hemisphere from 20°N to 90°N 

(Barnston and Livezey, 1987). The second method is preferred because it considers 

data over the extra-tropical regions of northern hemisphere instead of height 

anomalies at only a few locations. In this chapter, we use the second method to 

estimate PNA index over the same time period as the CO2 data. 

PNA has a big impact on temperature and precipitation over the United States 

(Yarnal and Leathers, 1988; Hansen et al., 1993; Leathers et al., 1991; Henderson 

and Robinson, 1994). Leathers et al. (1991) found a high positive correlation 

between PNA index and the temperature over the northwestern United States and a 

negative correlation between PNA index and temperature over the southeastern 

United States. Correlations between PNA index and precipitations were weaker than 

those for the temperature (Leathers et al., 1991). Since temperature can influence 

CO2 emissions from the biosphere, PNA can also modulate CO2 concentrations. In 

this chapter, we explore the influence of PNA on atmospheric CO2, temperature, and 

CO2-surface emissions over North America. 
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5.2 Data 

To calculate the PNA index, 500 hPa geopotential height data from NCEP2 

Reanalysis (Kalnay et al., 1996; Kistler et al., 2001) were used in this chapter. 

NCEP2 500 hPa temperature data and vertical pressure velocity data were also used 

in this chapter to investigate the influence of PNA on the temperature and 

circulation. The spatial resolution of geopotential height, temperature, and vertical-

pressure velocity data is 2° × 2.5° (latitude by longitude). The data spans from 

September 2002 to December 2013. NCEP2 500 hPa geopotential height data, 500 

hPa temperature data, and 500 hPa vertical pressure velocity data were downloaded 

online.5 

AIRS Version 5 mid-tropospheric CO2 mixing ratios (Chahine et al., 2005; 

Chahine et al., 2008; Jiang et al., 2015) were used in this chapter. The spatial 

resolution of AIRS CO2 retrievals is 2° × 2.5° (latitude by longitude) from 60°S to 

90°N. It spans from September 2002 to December 2013. Data was downloaded 

online6 (Olsen et al., 2015). The precision for the AIRS CO2 data is about 1-2 ppm 

between latitudes 40°S and 40°N (Chahine et al., 2005; Chahine et al., 2008; Olsen 

and Licata, 2015).  

Net Ecosystem Production (NEP) from the Carnegie-Ames-Stanford 

Approach (CASA) biogeochemical model was used in this chapter to explore the 

influence of PNA on CO2 fluxes from the biosphere. The CASA biogeochemical 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

5	  http://www.esrl.noaa.gov/psd/data/gridded/data.ncep.reanalysis2.html	  
6 http://disc.sci.gsfc.nasa.gov/AIRS/data-holdings/by-data-product-v5/AIRX3C2M 
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model utilizes satellite data and a mechanistic plant and soil carbon model to 

simulate the carbon from the terrestrial ecosystem (Potter et al., 1993; Randerson et 

al., 1996; Thompson et al., 1996). Satellite NDVI data are used to parameterize net 

primary production in the CASA model (Field et al., 1995). It calculates the 

exchange of CO2 between the atmosphere and biosphere at different time steps and 

different spatial resolution. In this chapter, we use monthly mean NEP data at 0.25º × 

0.25º (latitude by longitude). NEP data can be downloaded online7.  

 

5.3 Method 

5.3.1 Principal component analysis 

To estimate the PNA index, principal component analysis (PCA) was applied 

to NCEP2 500 hPa geopotential height over the northern hemisphere from 

September 2002 to December 2013 (Richman et al., 1986; Preisendorfer et al., 1988; 

Thompson and Wallace, 2000; Camp et al., 2003). The seasonal cycle of 

geopotential height data at 500 hPa was first estimated and calculated by averaging 

the data of each month. Then the seasonal cycle from 500 hPa geopotential height 

data at each grid was removed. PCA was applied to deseasonalized geopotential 

height anomalies from September 2002 to December 2013. 

PCA will decompose a dataset into orthogonal spatial patterns and time-

dependent amplitudes. The orthogonal spatial patterns are empirical orthogonal 

	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  

7	  http://www.globalfiredata.org/	  
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functions (EOF).  The time-dependent amplitudes are principal component time 

series (PC). The covariance matrix was calculated from the datasets and the EOFs 

were defined as the eigenfunctions of the covariance matrix of the dataset. 

Eigenvalues of the covariance matrix represent the variance captured by each EOF.  

The EOFs were sorted by the decreasing values of eigenvalues, so the leading EOFs 

capture more of the total variance of the dataset. The data at the equator and the polar 

region represent different surface areas, for which we weighed each element of the 

covariance matrix by the area it represents (Baldwin et al. 2009). The 500 hPa 

geopotential height time series was scaled by the square root of the area , 

where 	  is the latitude.  

Then, the PCA is applied to the area-weighted and deseasonalized 500 hPa 

geopotential height over the northern hemisphere from September 2002 to December 

2013. The first EOF is related to the Northern Annular Mode and the second EOF is 

related to the PNA mode. The associated time-dependent time series is the PNA 

index, which will be used to explore the impact of PNA on mid-tropospheric CO2. In 

order to calculate the spatial patterns for the original geopotential height anomalies, a 

multiple regression method is applied to each grid point using PC time series. The 

linear regression coefficients are the spatial patterns of the geopotential height 

anomalies associated with each PC time series.   

 

 

cosθ

θ
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5.3.2 Multiple regression method 

To explore the influence of PNA on AIRS mid-tropospheric CO2, NCEP2 

500 hPa temperature, and Net Ecosystem Production (NEP), a multiple regression 

method was applied to different data sets. Data at each location was decomposed 

using the following empirical formula (Jiang et al., 2012): 

 

     (1) 

 

In this model, X(t) is AIRS mid-tropospheric CO2, NCEP2 500 hPa temperature, and 

NEP data at each location; with t  representing time, N the half-length of the time 

period, P1, P2, P3 the first, second, and third Legendre polynomials, and PNA(t) the 

PNA index. The coefficient A0, A1, A2, and A3 are the mean value, the trend, the 

acceleration in the trend, and the coefficients for P3, respectively. The third Legendre 

polynomial is added to the function to better fit the dataset. The seasonal and semi-

annual cycle are represented by the harmonic function. C1 and S1 are the amplitudes 

of the seasonal cycle, while C2 and S2 are the amplitudes of the semi-annual cycle. B 

is the regression coefficient for the PNA signal in the data. 

 

5.4 Results 

To estimate the PNA index, PCA was applied to monthly mean NCEP2 500 

hPa geopotential height over 20°N-90°N from Sep 2002 to Dec 2013. The first 

X(t) = A0 + A1NP1(t / N −1)+ A2N
2P2 (t / N −1)+ A3N

3P3(t / N −1)
+C1 cos(2π t)+ S1 sin(2π t)+C2 cos(4π t)+ S2 sin(4π t)+B•PNA(t)
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leading mode capturing 14% of the total variance was related to the northern annular 

mode. The spatial pattern of the first leading mode demonstrates negative 

geopotential-height anomalies over the polar region and positive geopotential-height 

anomalies over the subtropical region. The second mode, capturing 10% of the total 

variance, is related to the PNA. The spatial pattern of the second mode demonstrates 

positive geopotential-height anomalies over the western United States and negative 

geopotential-height anomalies over the eastern United States, which is similar to 

results in Wallace and Gutzler, 1981. PNA index is the second PC time series of 500 

hPa geopotential height, which is shown in Figure 5.1. 

 

	  

Figure 5.1: Monthly mean Pacific North American (PNA) index; defined as the 2nd 
principal component time series of NCEP2 500 hPa geopotential height. PNA index 
is unitless. 
	  

To estimate the influence of PNA on AIRS mid-tropospheric CO2, multiple 

regression method was applied to the AIRS mid-tropospheric CO2 from September 

2002 to December 2013. The AIRS mid-tropospheric CO2 data was regressed on 
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first, second, and third Legendre polynomials with annual cycle, semiannual cycle, 

and PNA index. The amplitudes for the CO2 annual cycle ( ) derived from 

the multiple regression method are plotted in Figure 5.2. The amplitudes of the mid-

tropospheric CO2 annual cycle have a range from 1.5 ppm to 3.5 ppm. The mid-

tropospheric CO2 annual cycle amplitudes increase with latitude, which are related to 

the photosynthesis and respiration from the biosphere. The increasing amplitudes of 

the mid-tropospheric CO2 annual cycle are consistent with the results of surface CO2 

annual cycle derived from NOAA-ESRL surface CO2 data sets (Jiang et al., 2016).  

 

	  

Figure 5.2:  Annual cycle amplitudes of the AIRS mid-tropospheric CO2 over North 
American. Units are ppm. 
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The regression map of the PNA signal in the AIRS mid-tropospheric CO2 

over North America is shown in Figure 5.3. It is the regression coefficient B in 

Equation (1). There are positive CO2 anomalies over the northwestern part of North 

America and negative CO2 anomalies over the southern and eastern part of North 

America. The highest mid-tropospheric CO2 anomalies are found in the Alaska and 

Canada region. Figure 5.3 suggests that the CO2 anomaly is about 0.3 ppm in the 

northern part of the USA and for most parts in Canada. CO2 anomaly is about -0.2 

ppm in the eastern and southern part of North America. 

	  

Figure 5.3: Regression map of the PNA signal in the AIRS mid-tropospheric CO2 
over North American. Units are ppm. 
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To explore possible mechanisms for the PNA signal in mid-tropospheric 

CO2, the influence of PNA on 500 hPa temperature, NEP, and 500 hPa vertical-

pressure velocities are explored. The 500 hPa NCEP2 temperature on first, second, 

and third Legendre polynomials, annual cycle, semiannual cycle, and PNA index are 

regressed. 500 hPa temperature data was chosen because AIRS mid-tropospheric 

CO2 is most sensitive at the mid-troposphere. The regression map of the PNA signal 

in the NCEP2 500 hPa temperature over North America is shown in Figure 5.4. 

There are positive temperature anomalies over the northwestern part of North 

America and negative temperature anomalies over the southern and eastern parts of 

North America. These results are consistent with a positive correlation between PNA 

index and temperature over the northwestern United States and a negative correlation 

between PNA index and temperature over the southeastern United States revealed by 

Leathers et al. (1991). As shown in Figure 5.4, the temperature anomaly is about 1 K 

in the higher latitude regions, which matches the region where higher CO2 

concentrations are found. However, part of Alaska showed a negative temperature 

anomaly that does not correspond to the higher CO2 anomaly in the same area. The 

temperature anomaly was about -0.4 to 0.8 K over the southwestern part of North 

America. The high-temperature anomalies result in warm soil, which leads to 

increasing CO2 emissions due to decomposition in the soil (Prentice, 2015). 

Meanwhile, carbon in permafrost is frozen in the form of various types of organic 

matter. The permafrost thaws when the temperature increases and microbes 
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decomposing the organic matter lead to more CO2 emissions (Prentice, 2015). Both 

effects will lead to positive CO2 anomalies over the northwestern part of North 

America. Negative temperature anomaly over the southeastern part of North America 

will lead to negative CO2 anomalies over these regions. 

 

	  

Figure 5.4: Regression map of the PNA signal in 500 hPa temperature over North 
American. Units are K. 
 
 
 

NEP from CASA model on first, second, and third Legendre polynomials, 

annual cycle, semiannual cycle, and PNA index is also regressed to explore the 

influence of PNA on CO2 emissions. NEP represents the net exchange of CO2 
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between the biosphere and the atmosphere. Positive NEP means CO2 is released 

from the biosphere to the atmosphere, while negative NEP means CO2 is removed 

from the atmosphere. The regression map of the PNA signal of NEP over North 

America is shown in Figure 5.5. There are positive NEP anomalies over the northern 

part of North America and negative NEP anomalies over the southern part of North 

America. As shown in Figure 5.5, the areas found to have positive NEP anomalies 

match the area of positive CO2 anomalies. The increase of temperature over the 

northwestern part of North America lead to increased CO2 emissions from bacteria in 

the soil (Prentice, 2015), which in turn lead to positive NEP anomalies over the 

northern part of North America. NEP fails to match the positive CO2 anomalies over 

some regions, which might be due to the CASA model underperforming in capturing 

the decomposition activities by organic carbon in thawing permafrost. 
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Figure 5.5: Regression map of the PNA signals in the Net Ecosystem Production 
(NEP) over North American. Units are g C m-2 mon-1. 

 
 
 
In addition to the surface CO2 emissions, the influence of PNA on circulation 

was also explored. 500 hPa NCEP2 vertical-pressure velocity is used to explore the 

impact of PNA on the circulation. The multiple regression method is applied to the 

500 hPa NCEP2 vertical-pressure velocity. However, the PNA signal in 500 hPa 

NCEP2 vertical-pressure velocity is a little noisy, and it cannot be used to explain the 

CO2 anomalies shown in Figure 5.3.   
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5.5 Conclusion 

PNA is the most important climate variability in the northern hemisphere. 

Previous analyses mainly focus on the influence of PNA on temperature and 

precipitation. In this chapter, we explored the impact of PNA on CO2 for the first 

time. Multiple regression method was applied to the AIRS mid-tropospheric CO2 to 

investigate the PNA signal in mid-tropospheric CO2. There were positive CO2 

anomalies over the northwestern part of North America and negative CO2 anomalies 

over the southern and eastern parts of North America. We further explored possible 

mechanisms of CO2 anomalies. There were positive temperature anomalies over the 

northwestern part of North America and negative temperature anomalies over the 

southeastern part of North America. The positive temperature anomalies lead to 

increased CO2 emissions from the bacteria in the soil and increased release of CO2 

from melting permafrost. We also explored the NEP from the CASA model and 

found positive NEP anomalies over the northern part of North America. Since the 

CO2 emissions of melting permafrost from the CASA model are not well simulated, 

there were some differences in NEP and CO2 anomalies over some locations. Results 

in this chapter provide a better picture of the temporal and spatial variability of mid-

tropospheric CO2 in response to PNA. It also offers a new opportunity to investigate 

the interaction between the biosphere and the atmosphere. Results are beneficial to 

biogeochemical modeling, as it could provide a better understanding of the possible 

discrepancies in CO2 surface emissions from the biosphere. 
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Chapter 6 

Conclusions 

 The overall purpose of this dissertation is to understand the influence of 

global warming on the hydrological and carbon cycles. Climate change has impacts 

to the biosphere and atmosphere. Climate change can influence agriculture, the 

economy, human health, and even the animal habitat. Results from this research can 

provide a better understanding of the changing climate pattern and advance future 

forecasts.  

 In the second chapter, a comparison study of 13 CMIP5 models and satellite 

retrievals from the SSM/I and GPCP are conducted to study the atmospheric 

recycling rate from 1988 to 2008. Recycling rate is defined as the ratio between 

precipitation and column water vapor; and it is a good way to measure the rate of 

hydrological cycle in the atmosphere. The models show good performances in 

capturing the global oceanic-mean recycling rate. Most of the models simulated 

similar trends when compared to the observations. The results suggest a negative 

trend of oceanic-mean recycling rate due to a weaker trend found in the precipitation. 

The inconsistencies found in the global mean-oceanic recycling rate are due to 

discrepancies in the precipitation signals. Precipitation is very difficult to simulate 

due to many factors that can affect precipitation amounts; such as circulations, 

temperatures, and topography.  However, the spatial patterns of recycling rate have 



	   83	  

	  

	  

dominant features on a regional scale. Positive trends were found over the ITCZ and 

storm track regions with negative trends over the sub-tropical dry regions. This 

suggests that the simulations of short time scales of precipitation should be improved 

to better capture the recycling rate for the CMIP5 models. The improvements will 

help to better comprehend the physical mechanisms and temporal variation of the 

hydrological cycle in the atmosphere.  

 In the third chapter, different meteorological variables such as precipitation, 

vertical velocity, total clouds, low clouds, middle clouds, high clouds, condensed 

water path, and ice water path are explored over wet and dry areas from 1988 to 

2008. Thirteen CMIP5 models and GPCP satellite data are utilized again in this 

chapter. The data were separated into the wet and dry regions to study different 

meteorological responses to global warming. Most of the CMIP5 models simulated 

positive trends of vertical velocity over the wet areas, suggesting there were 

increasing vertical motions over that region. Total cloud percentage also 

demonstrates an increasing trend over the wet areas. However, cloud patterns were 

hard to simulate in the dry areas due to fewer clouds present. Most of the models also 

performed well in simulating the variations of condensed water path and ice water 

path, which demonstrated increasing trend of ice and liquid content over the wet 

areas. This corresponds to the enhancing vertical motion in the wet areas because 

convection can push moisture higher into the atmosphere leading to more ice content. 

The simulations in CMIP5 models showed consistencies in trends of these 
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meteorological variables in relationship with precipitation variations. This chapter 

provides better clues of the dynamics and physics of the temporal variations of 

precipitation. 

In Chapter 4, AIRS data were utilized to explore the influence of droughts on 

mid-tropospheric CO2 concentration. Wet and dry years were identified to better 

distinguish the difference of CO2 concentrations in two climate extreme conditions. 

The data suggests that mid-tropospheric CO2 concentrations were higher during 

drought conditions. Mid-tropospheric CO2 concentrations were found to be about 1 

ppm higher during droughts over southwest USA. The CO2 surface fluxes such as 

NEP, GPP, respiration, and biomass burning were analyzed in this chapter to explore 

the possible causes. Stronger rising motion over the southwest USA was found 

during drought conditions, which brings high concentrations of CO2 from the surface 

to the mid-troposphere. In addition, there was less CO2 uptake from the biosphere 

due to decreased photosynthesis processes in some regions, which results in more 

CO2 remaining in the atmosphere. Positive CO2 anomalies were also found from 

biomass burning in some regions. This chapter concluded that droughts over the 

Southwest USA certainly lead to higher CO2 concentrations in the mid-troposphere. 

The analyses also suggested that the atmospheric dynamics have an effect on CO2 

concentrations in the mid-troposphere. This research provides a better understanding 

of the interactions between the biosphere and the atmosphere. 

Finally, the influence of PNA on mid-tropospheric CO2 was analyzed. The 



	   85	  

	  

	  

PNA index was first calculated using the PCA method. A multiple regression method 

was then applied to CO2, temperature, and NEP to study their relationships with 

PNA.  It was found that they have direct relationship with the PNA. The results 

suggested that the temperature, CO2, and NEP were found higher in the northern part 

of America and most parts of Canada. This research provided a better understanding 

of the inter-annual variability influencing the CO2 concentration in the atmosphere.  

This entire research was aimed at providing a better insight to understanding 

climate change. Current climate extremes due to global warming pose a credible 

threat to human lives and property. This research can provide information to better 

understand the changing climate and help to prevent ongoing catastrophes.  
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