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Abstract: According to the Intergovernmental Panel on Climate Change (IPCC) 5th Assessment 23 

Report (AR5), the broad-scale features of precipitation as simulated by Phase 5 of the Coupled 24 

Model Intercomparison Project (CMIP5) are in modest agreement with observations, however, 25 

large systematic errors are found in the Tropics. In this study, a new algorithm has been 26 

developed to define the North Pacific Intertropical Convergence Zone (ITCZ) through several 27 

metrics, including: the centerline position of the ITCZ, the width of the ITCZ, and the magnitude of 28 

precipitation along the defined ITCZ. These metrics provide a quantitative analysis of precipitation 29 

associated with the ITCZ over the equatorial northern Pacific. Results from 29 CMIP5 30 

Atmospheric Model Intercomparison Project (AMIP) Global Circulation Model (GCM) runs are 31 

compared with Global Precipitation Climatology Project (GPCP) and Tropical Rainfall 32 

Measuring Mission (TRMM) observations. Similarities and differences between the GCM 33 

simulations and observations are analyzed with the intent of quantifying magnitude-, location-, 34 

and width-based biases within the GCMs. Comparisons show that most of the GCMs tend to 35 

simulate a stronger, wider ITCZ shifted slightly northward compared to the ITCZ in GPCP and 36 

TRMM observations. Comparisons of CMIP and AMIP simulated precipitation using like-37 

models were found to be nearly equally distributed, with roughly half of GCMs showing an 38 

increase (decrease) in precipitation when coupled (decoupled) from their respective ocean model. 39 

Further study is warranted to understand these differences.  40 
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1. Introduction 41 

 As described in chapter 9 of the Intergovernmental Panel on Climate Change (IPCC) 5th 42 

Assessment Report (AR5) (Flato et al. 2013), the majority of the global circulation models 43 

(GCMs) underestimate the sensitivity of extreme precipitation to temperature variability or 44 

trends, especially in the tropics, which implies that the models may underestimate the projected 45 

increase in extreme precipitation in the future. Kendon et al. (2014) studied the intensification of 46 

extremes with climate change on a regional scale, over the United Kingdom using a model 47 

generally used for weather forecasting with a grid spacing of 1.5 km. Kendon et al. (2014) found 48 

that a warmer climate produced an increase in winter hourly rainfall intensities and an increase in 49 

high-intensity summer precipitation events indicative of flash flooding. To understand how 50 

future climate change might impact precipitation at various scales, it is imperative for us to 51 

accurately simulate and predict past and present precipitation. 52 

 The treatment of clouds and precipitation in climate models and their associated 53 

feedbacks have long been one of the largest sources of uncertainty in predicting any potential 54 

future climate changes. Although many improvements have been made in Phase 5 of the 55 

Coupled Model Intercomparison Project (CMIP5) (Lauer and Hamilton 2012; Wang and Su 56 

2012; Li et al. 2013; Klein et al. 2013; and Chen et al. 2013), clouds, precipitation, and their 57 

feedbacks are still a problem in climate models as concluded in the IPCC AR5 (2013), and 58 

illustrated in many studies (e.g., Jiang et al. 2012; Stanfield et al. 2014 and 2015; Dolinar et al. 59 

2015a&b). Many studies (e.g., Stanfield et al. 2014 and 2015, Dolinar et al. 2015a&b) have 60 

shown that modeled clouds, radiation, and precipitation, agree with observations within a certain 61 

range on a global scale, however, large biases occur at the regional scale. For example, Dolinar 62 

et al. (2015b) compared five reanalyzed precipitation rates (PRs) with PRs from the Tropical 63 
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Rainfall Measurement Mission (TRMM) and found that the reanalyzed PRs agree with large-64 

scale TRMM mean (3.0 mm/day) to within 0.1–0.6 mm/day, however, the reanalyses 65 

oversimulate PRs in both ascent and descent regimes. In particular, the observed and reanalyzed 66 

PRs over the ascent regime are an order of magnitude larger than those over the descent regime, 67 

indicating different types of clouds exist in these two regimes. 68 

The intertropical convergence zone (ITCZ), a narrow east-west band of vigorous 69 

cumulonimbus convection and heavy precipitation (Holton et al. 1971), is located in the ascent 70 

regime. In addition to the traditional North Pacific ITCZ, a well-known secondary ITCZ is often 71 

found in the southern tropics of many GCMs when they are coupled with their respective ocean 72 

model, resulting in a “double-ITCZ” and excessive precipitation in zones south of the equator in 73 

the Atlantic and the Eastern Pacific (Lin 2007; Pincus et al. 2008). The double-ITCZ has been a 74 

long standing problem within the GCMs. Hirota et al. (2011) examined precipitation in many 75 

CMIP3 models and found that models with low skills scores, as defined by Taylor et al. (2001), 76 

tended to have a stronger correlation with sea surface temperatures (SSTs), a weaker correlation 77 

with vertical motion (ω500), and tended to overestimate (underestimate) precipitation over large-78 

scale subsidence (ascending) regions when compared to models with higher skill scores. Other 79 

studies have also examined the interaction of the ITCZ and the equatorial Pacific cold tongue 80 

bias in the models (Misra et al. 2008, Li and Xie 2014). In this study, we will focus on the 81 

traditional North Pacific ITCZ. 82 

 The goal of this study is to provide an accurate assessment of regional precipitation 83 

simulated by the AMIP (Atmosphere Model Intercomparison Project) GCM experiment under 84 

the Earth System Grid Federation (ESGF) Program for Climate Model Diagnosis and 85 

Intercomparison (PCMDI; Taylor et al. 2012). AMIP simulation runs use prescribed sea-surface 86 
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temperatures, which eliminate potential biases caused by the coupled ocean models of the 87 

GCMs. Precipitation from 29 GCM AMIP simulations were thoroughly compared with the 88 

GPCP (Adler et al. 2003) and TRMM (Huffman and Bolvin, 2011) observations, as well as with 89 

their linked CMIP5 historical ocean-coupled runs. In this study, an algorithm has been developed 90 

to define the North Pacific ITCZ through several metrics with the intent of quantifying 91 

magnitude-, location-, and width-based biases within the GCMs. The ITCZ is a major feature 92 

component of the global circulation, and serves as a good metric for testing the GCMs. 93 

2. Data 94 

 In this study, precipitation from 29 AMIP simulations were compared with GPCP and 95 

TRMM observations, and to their CMIP historical counterparts where available. For our 96 

comparison, all data are interpolated to a specific 1° × 1° (latitude × longitude) grid using bilinear 97 

interpolation. In order to account for the varied spatial resolutions of the GCMs (Table 1), as 98 

well as smoothing biases generated from our interpolations, GPCP and TRMM observations 99 

undergo two interpolations. The observations are first interpolated from their original resolutions 100 

to match the spatial grid of each respective GCM, and then the observations are interpolated a 101 

second time to the shared 1° × 1° grid for comparison. All data were downloaded from the ESGF 102 

PCMDI database for the period of January 2000 to December 2005, providing six full years of 103 

monthly data. This timeframe was chosen due to data availability as well as an effort to reduce 104 

the influence of the El Niño Southern Oscillation (ENSO), as it was found that this timeframe 105 

maintained a weak to moderate strength in the ENSO. Like months (e.g. all “January” months, 106 

etc.) are averaged together to generate the monthly means shown in this study.  107 
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a. CMIP5 AMIP and Historic GCM Simulations 108 

This study compares the precipitation products from 29 AMIP GCM simulations with 109 

prescribed SSTs, which are available from the ESGF PCMDI database (Taylor et al. 2012). Each 110 

ensemble member within the ESGF PCMDI database is given three integers (N,M,L), in 111 

r<N>i<M>p<L> format to distinguish related simulations, where N is the realization number, M 112 

is the initialization method indicator, and L is the perturbed physics number as described in 113 

Taylor et al. (2010). Monthly data from each respective r1i1p1 GCM simulation is used in this 114 

study. In section 3c, historical ocean-coupled simulations are paired with AMIP simulations as 115 

outlined in Table 1. 116 

b. GPCP 117 

 The Global Precipitation Climatology Project (GPCP, Adler et al. 2003) is part of the 118 

Global Energy and Water Cycle Exchanges Project (GEWEX) established by the World Climate 119 

Research Programme (WCRP). The GPCP product used in this study is the GPCP satellite-gauge 120 

(SG) monthly precipitation product, which provides monthly precipitation estimates on a global 121 

2.5°×2.5° grid based on a combination of data from geostationary satellites, polar satellites, 122 

surface reference data, and station observations. Uncertainty of precipitation in the GPCP-SG 123 

product is estimated at ~15% (Huffman et al. 1997). 124 

c. TRMM 125 

 The Tropical Rainfall Measuring Mission (TRMM, Huffman and Bolvin 2011) 126 

precipitation product is generated through a combination of four sources: the TRMM 127 

precipitation radar data, passive microwave radiances at multiple frequencies and polarizations 128 



7 

 

(observed from a mixed constellation of operational and research low-earth-orbit [LEO] 129 

satellites), thermal infrared brightness temperatures from geosynchronous satellites, and surface 130 

precipitation gauge measurements (Huffman et al. 2007; Huffman and Bolvin 2011). This study 131 

uses the 3B43 monthly TRMM dataset with a native resolution of 0.25° × 0.25° (latitude × 132 

longitude). The TRMM microwave imager is available between ±37° of latitude. An important 133 

difference between the GPCP and TRMM products is the inclusion of the precipitation radar on-134 

board the TRMM satellite. Given the higher spatial resolution and ability of the precipitation 135 

radar to detect precipitating clouds, we expect the precipitation features identified by TRMM to 136 

be finer/sharper than features identified by GPCP. 137 

The uncertainties of 3-hourly TRMM precipitation data are estimated at 90% - 120% for 138 

light rain (< 0.25 mm/hr) and 20% - 40% for heavy rain (Habib and Krajewski 2002; 139 

AghaKouchak et al. 2009). Some of the uncertainties in the TRMM data are considered to be 140 

randomly scattered errors, which can be significantly reduced when averaged over space and 141 

time. However, TRMM data is also known to have up to a ~30% positive bias during the 142 

northern summer when compared to other measurements (e.g. Nicholson et al. 2003), which 143 

cannot be removed through monthly averaging. It should be noted that at the time of this study, 144 

generation of the GPCP product does not include TRMM observations (Huffman and Bolvin, 145 

2012). 146 

3. Methodology 147 

a. Defining the Area of Focus (AOF) 148 

 In the IPCC AR5, it was concluded that the GCMs in CMIP5 contain systematic errors in 149 

the Tropics (IPCC AR5 Ch.9; Flato et al. 2013). To examine these systematic errors, we compare 150 
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the modeled area-weighted mean precipitation within the tropics and subtropics (±40° latitude) 151 

with GPCP and TRMM observations (Fig. 1). Figure 1 shows that all 29 of the GCM simulations 152 

examined in this study oversimulate precipitation compared to both GPCP and TRMM 153 

observations between ±40° of latitude both annually (Fig. 1a) and seasonally (Figs. 1b-c). The 154 

annual mean precipitation from the GCM ensemble is ~13% greater than both GPCP and TRMM 155 

observations (~3 mm/day), with the GCMs ranging from 3.11 mm/day (IPSL-CM5A) to 3.73 156 

mm/day (INM-CM4). No strong seasonal variation is observed as shown in Figs. 1b and 1c. 157 

Comparisons of annual mean precipitation between the GPCP, TRMM, and the GCM 158 

ensemble over ±40° latitude for the 6-yr study period are shown in Fig. 2. This comparison 159 

shows that the mean precipitation simulated by the ensemble of GCMs (Fig. 2c) is higher than 160 

both GPCP (Fig. 2a) and TRMM (Fig. 2b) observations, particularly in regions of large-scale 161 

ascent such as the North Pacific ITCZ. 162 

To make proper comparisons between the GCM simulations and observations, an area of 163 

focus (AOF) has been defined by the boundaries 2° S to 21° N and 180° W to 110° W in this 164 

study (green box in Fig. 2). The selected AOF covers the full breadth of the ITCZ across all 165 

seasons as demonstrated using GPCP and TRMM observations in Fig. 3. With the AOF defined 166 

by these boundaries, we cover most of the precipitation simulated by the GCMs while also 167 

limiting exposure to exterior regional biases. These biases include spurious precipitation cells 168 

that occur north of the Pacific ITCZ in some GCMs which are strong enough to potentially 169 

distract the algorithm from properly identifying the ITCZ as well as potential land effects found 170 

outside of the eastern and western edges of the AOF. 171 
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b. Defining the ITCZ and ITCZ Metrics 172 

 In this study, an algorithm has been developed to analyze and compare the ITCZ 173 

simulated by each of the GCMs with collocated observations. The algorithm first outlines the 174 

boundaries of the ITCZ, and a variety of metrics are pulled based on these boundaries. An 175 

example of output from the algorithm is provided in Fig. 4 using monthly averaged precipitation 176 

in January simulated by the Australian ACCESS 1-3 GCM. In detail, the algorithm first attempts 177 

to identify the upper and lower boundaries of the ITCZ band (orange lines in Fig. 4) across each 178 

degree of longitude within the AOF by identifying the longest continuous stretch of precipitation 179 

above a set monthly precipitation rate threshold. The monthly thresholds defined in this study 180 

vary by month (4 mm/day from January to June, 6 mm/day from July to December). These 181 

thresholds were chosen based on our monthly analysis of TRMM and GPCP observations in the 182 

ITCZ. As demonstrated in Fig. 4, these thresholds can be used to clearly identify the boundaries 183 

of the ITCZ. 184 

After defining the upper and lower boundaries, a centerline (white line in Fig. 4) is 185 

derived as the midpoint between the upper and lower boundaries at each degree of longitude. 186 

When no values were found above the precipitation threshold for a given longitude, the 187 

algorithm will either interpolate between the nearest two known points of the ITCZ centerline or 188 

extrapolate outward by finding the average slope of the nearest 10 points. The width of the ITCZ, 189 

here after referred to as width of the band, is defined as the latitude of the upper ITCZ boundary 190 

minus the latitude of the lower ITCZ boundary. When all simulated precipitation rates across a 191 

set degree of longitude are below the monthly thresholds, a value of zero is given for the width 192 

of the ITCZ at that longitude. 193 
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All metrics and comparisons in this study are calculated and shown against both 194 

collocated GPCP and TRMM observations. The only exception to this in the centerline 195 

comparisons, where it was found that the centerlines derived from GPCP and TRMM 196 

observations predominately deviated by less than 1° of latitude. Therefore, centerline 197 

comparisons are conducted by comparing the GCM derived centerlines against the average of the 198 

GPCP and TRMM derived centerlines. 199 

To examine the magnitude of simulated precipitation along the ITCZ, we first calculate 200 

the average of all points of precipitation within ±4° latitude of the observed centerline for each 201 

GCM. These values are then compared to the average magnitude of precipitation observed from 202 

both GPCP and TRMM, which are both calculated as the average of all points of precipitation 203 

within ±4° latitude of the averaged observed centerline from each observation. It should again be 204 

noted that all observational fields have been interpolated twice; once from their native resolution 205 

to the spatial resolution of each GCM grid, and then a second time to convert back to the 206 

standardized 1° × 1° (latitude × longitude) grid during comparisons. This was done to provide a 207 

better apples-to-apples comparison by minimizing bias due to smoothing. The use of four 208 

degrees of latitude was chosen during analysis because using this range covered the full visible 209 

width of the observed ITCZ each month.  210 

The overall precipitation bias found between the Pacific ITCZ simulated by each GCM 211 

and the ITCZ observed by GPCP and TRMM can generally be expressed as a combination of 212 

three partitions. These three partitions are shown in Fig. 5 using idealized distributions of 213 

precipitation across a set longitudinal line: positional/locational biases (Fig. 5a), 214 

magnitude/intensity biases (Fig. 5b), and biases in the width of the simulated ITCZ (Fig. 5c). The 215 

algorithm developed in this study is designed to quantitatively estimate the strengths of these 216 
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biases. These biases can be attributed to the physical parameterizations and dynamic schemes in 217 

different GCMs. 218 

Comparisons have been made between CMIP and AMIP simulations using identical 219 

parameterizations in each GCM. It should be noted that while precipitation is a diagnostic 220 

property within the GCMs, precipitation has a feedback on the large-scale state, making it 221 

difficult to separate the contributions of dynamic schemes and physical parameterizations to 222 

precipitation biases. 223 

The methods used to examine and compare the simulated ITCZs in this study were 224 

chosen in an attempt to provide the most balanced and fair comparison between all CMIP5 225 

GCMs. When developing the algorithm used in this study, three difficulties had to be overcome 226 

to provide a fair comparison: (1) Missing precipitation, (2) non-Gaussian distributions, and (3) 227 

spurious cells North of the ITCZ. For example, a few of the models severely undersimulated 228 

precipitation in the ITCZ, thus the west-east precipitation field was not continuous across the 229 

AOF. In these circumstances, the centerline of the ITCZ had to be estimated using interpolation 230 

or extrapolation based on the known centerline locations. While the observations showed a 231 

Gaussian-like distribution across a longitudinal line, many of the GCMs exhibited northerly 232 

skewed distributions of precipitation. An attempt was made to use an e-folding technique to 233 

identify the boundaries of the ITCZ, however, this attempt was unsuccessful because it could not 234 

treat all of the GCMs equally and fairly due to the non-Gaussian distributions of precipitation in 235 

many of the GCMs. These skewed distributions also limited our ability to use maximum 236 

precipitation as a centerline identifier. Many of the GCMs also showed large patches of high 237 

precipitation rates north of the ITCZ, which made it difficult to use a percentage-based system to 238 
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identify the ITCZ boundaries. It is because of these challenges that we have chosen the threshold 239 

based method to derive ITCZ metrics. 240 

4. Results and Discussion 241 

The algorithm developed in this study has provided several metrics, allowing us to 242 

determine potential strengths of magnitude-, location-, and width-based precipitation biases in 243 

the GCMs over the Pacific ITCZ compared to GPCP and TRMM observations. These metrics 244 

include the centerline position, the width of the ITCZ, and the magnitude of precipitation along 245 

the simulated ITCZ. We quantitatively examine these metrics using observations as the ground 246 

truth.  247 

All barplots shown in Figs. 6-9 follow the same overall design. Each month is color 248 

coded as shown in the legends. The horizontal black line in each of these figures represents a 249 

perfect match with the baseline metric when comparing with the modeled results. The 250 

observations are used as a baseline in Figs. 6-8, while CMIP results are used as the baseline in 251 

Fig. 9. Monthly values for each of the metrics presented are vertically stacked for each GCM, 252 

indicating that monthly values of each metric should be measured as the height of each 253 

respective bar for that month only. More specifically, the length of each bar should be compared 254 

to the scale length shown on the diagram. Tick marks along the y-axis of match the scale length 255 

presented in each figure. To alleviate potential confusion, values on the y-axis of these barplots 256 

have been removed, as including values tends to suggest an incorrect cumulative nature.  257 
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a. Centerline and Width of the ITCZ in AMIP Simulations 258 

Figure 6 shows the differences in ITCZ centerline position between each GCM 259 

simulation and the averaged centerline of GPCP and TRMM observations. Monthly values above 260 

(below) the horizontal black line represent months where the modeled ITCZ centerline of the 261 

respective GCM was found to simulated more northward (southward) compared to the averaged 262 

centerline of GPCP and TRMM observations. Note that monthly values in Fig. 6 are vertically 263 

stacked for each GCM, with a tick spacing of 2 degrees.  264 

Figure 6 has demonstrated that most of the GCMs tend to simulate the ITCZ centerlines 265 

northward compared to GPCP and TRMM observations, with the greatest shifts occurring in 266 

March. While most of the GCMs simulate the ITCZ centerlines northward, it is worth noting that 267 

both the Chinese BCC-CSM1-1 and the BCC-CSM1-1-m tend to shift the ITCZ centerlines 268 

southward compared to the observed centerline. Some models show promise, with low biases or 269 

by a balancing of northward and southward months, such as the ACCESS1-0, ACCESS1-3, 270 

CCSM4, CESM-CAM5, CanAM4, HadGem2-A, and the MRI-AGCM3.  271 

 Comparisons of the ITCZ widths between each GCM and the GPCP observation are 272 

shown in Fig. 7a, while comparisons with the TRMM observation are shown in Fig. 7b. Tick 273 

spacing shown in Fig. 7 is 4 degrees. Monthly values above (below) the horizontal black line 274 

represent months where the vertical width of the modeled ITCZ is wider (thinner) than the ITCZ 275 

observed by GPCP (Fig. 7a) or TRMM (Fig. 7b). Comparing Figs. 3 and 7, we found that the 276 

width of the ITCZ observed by TRMM is thinner than the ITCZ observed by GPCP. The thinner 277 

band found in the TRMM observations is attributed to two factors: TRMM observations have a 278 

finer native resolution, and the TRMM satellite uses the on-board precipitation radar which is 279 

able to detect precipitating clouds but is insensitive to non-precipitating clouds, while the GPCP 280 
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product is primarily derived from satellite infrared brightness measurements where the cloud-top 281 

temperatures from precipitating and non-precipitating clouds are almost the same (Stenz et al. 282 

2014, 2015). 283 

 Results shown in Fig. 7 show that most of the GCMs simulate a wider band of 284 

precipitation (above the horizontal black line) in the Pacific ITCZ compared to both GPCP (Fig. 285 

7a) and TRMM (Fig. 7b) observations. A few of the GCMs simulate the width of the ITCZ 286 

relatively close to the ITCZ observed from GPCP, such as the ACCESS1-3, CMCC-CM, IPSL-287 

CM5A-LR, IPSL-CM5A-MR, MPI-ESM-LR, MPI-ESM-MR, and the MRI-AGCM3. However, 288 

these models all simulate wider bands of precipitation more frequently when compared to the 289 

ITCZ observed from TRMM. The IPSL-CM5B-LR is the only model to simulate a thinner band 290 

of precipitation for nearly all months when compared to GPCP and TRMM. It should be noted 291 

that the precipitation produced by the IPSL-CM5B-LR drops below the monthly thresholds for 292 

large sections of the ITCZ. The differences shown between the French IPSL-CM5A-LR and 293 

IPSL-CM5B-LR are hypothesized to be a result of the changes made to parameterizations in the 294 

IPSL-CM5B-LR model (Dufresne et al. 2012, Hourdin et al. 2013). Interestingly, the BCC-295 

CSM1-1 and the BCC-CSM1-1-m simulations show opposite results compared to each other in 296 

Fig. 7, suggesting either a significant change in modeled dynamics or that differing spatial 297 

resolution of these two models may play a role. 298 

b. Magnitude of Precipitation in AMIP Simulations 299 

Comparisons in the magnitude of precipitation between the GCMs and GPCP and 300 

TRMM observations are presented in Figs. 8a and 8b, respectively. The tick spacing in Fig. 8 is 301 

given as 4 mm/day. Monthly values above (below) the horizontal black line represent months 302 
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where the magnitude of precipitation in the ITCZ of the GCM is simulated stronger (weaker) 303 

than that of the respective observations. It should be noted that the biases in the magnitude of 304 

precipitation are prone to both magnitude and positional errors. Comparing GPCP and TRMM 305 

observations using the results from Fig. 8a and Fig. 8b shows only minor variations from month 306 

to month between the two comparisons. 307 

It is shown in Figs. 8a and 8b that most of the GCMs simulated stronger precipitation 308 

compared to both GPCP and TRMM observations. A few models, namely the BCC-CSM1-1 and 309 

the suite of IPSL GCMs, simulated less precipitation than both observations. Of the GCMs that 310 

were found to be oversimulating precipitation in the Pacific ITCZ, most of these GCMs had 311 

higher biases in the northern hemispheric summer months, with June showing the highest 312 

positive precipitation bias.  313 

Based on our comparisons in Figs. 6-8, we can conclude that the models tend to simulate 314 

a stronger, wider ITCZ shifted slightly northward compared to the ITCZ in GPCP and TRMM 315 

observations. 316 

c. Historical/CMIP vs AMIP Simulations 317 

The metrics derived in this study, the ITCZ Centerline, width of the ITCZ band, and 318 

precipitation magnitude, are prone to both positional/dynamic and magnitude/parameterization 319 

biases. To examine the strength and role of the coupled ocean dynamics/positional biases, we 320 

compare historical and AMIP simulations with identical parameterizations. In detail, the 321 

precipitation from 20 available historical and AMIP simulations have each been averaged 322 

between ±4° latitude of the average observed centerline, and their differences are shown in Fig. 9 323 

given as the historical simulation (CMIP) minus the AMIP simulation. Since the AMIP and 324 
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CMIP versions of each models compared in Fig. 9 use the same parameterizations, their 325 

precipitation differences are highly attributed to dynamic/positional influences, which can be 326 

used to estimate the strength of the potential bias in each GCM. A list is provided in Table 1 to 327 

identify how this study has linked the historical and AMIP simulations between GCMs. 328 

In general, the comparisons of precipitation simulated by identical AMIP and CMIP 329 

versions of the model are nearly equally distributed around the black line (Fig. 9). More 330 

specifically, there is roughly an even split between three different scenarios where: (1) the CMIP 331 

version of the GCM simulated more precipitation than their AMIP counterparts (e.g., ACCESS1-332 

3, CMCC-CM, CanAM4, IPSL-CM5, MIRCO5), (2) the CMIP version of the GCM simulated 333 

less precipitation than their AMIP counterparts (e.g., ACCESS1-0, BCC-CSM1-1m, CSIRO-334 

MK3-6-0, GFDL-AM3), or (3) the model showed a monthly split between simulating more/less 335 

precipitation when comparing CMIP and AMIP simulations (e.g., BCC-CSM1-1, BNU-ESM, 336 

FGOAL, NorESM1-M). To investigate their differences, we examined the vertical upwelling 337 

(omega, ω) fields at 850 mb and found that there is no significant difference between two 338 

simulations. Further study is warranted to understand why some of the CMIP models simulated 339 

more precipitation, while others simulated less precipitation compared to their AMIP 340 

counterparts. The role of SST during the simulations will be examined. 341 

5. Detailed Analysis of Select Models 342 

 In an effort to more thoroughly show the results and differences presented in this study, a 343 

more detailed analysis is discussed for seven of the GCMs presented in this study. These models 344 

were chosen based on available feedback from these modeling groups, interesting metric results, 345 

and their documentation of convective and stratiform parameterizations listed in Table 2. Many 346 
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of the GCMs were found to have particular patterns during the following specified seasons: 347 

northern hemispheric (NH) winter (DJF), NH spring (MAM), NH summer (JJA), NH fall (SON). 348 

 The ITCZ simulated by the BCC-CSM1-1 can be characterized across most months as 349 

having a very chaotic precipitation pattern and ITCZ width (Fig. 10). Based on the analysis 350 

above, the BCC-CSM1-1 shows moderate agreement across all metrics, however monthly 351 

analysis of BCC-CSM1-1 results shows a different picture. In the DJF and MAM seasons, 352 

simulated precipitation rates are much lower than the set threshold within the western portion of 353 

the AOF when compared to the observations, resulting in the algorithm having to resort to using 354 

calculated slopes from the eastern portion of the AOF to estimate the position of the ITCZ. 355 

Overall, however, the BCC-CSM1-1 still undersimulates precipitation within the eastern portion 356 

of the AOF compared to the observations. Because of this, the calculated centerline position and 357 

width of the ITCZ jumps drastically from point to point in the winter and spring seasons, 358 

balancing in our analysis to show a thin undersimulated band of precipitation.  359 

During the JJA and SON seasons, however, the BCC-CSM1-1 simulated heavy 360 

precipitation in the western portion of the AOF, while simultaneously simulating very little 361 

precipitation in the eastern portion of the AOF. The oversimulation of precipitation in the west 362 

balances with the undersimulation of precipitation in the east, causing the BCC-CSM1-1 to 363 

appear much better in annual precipitation comparisons. It should be noted as well, that the 364 

algorithm effectively fails when estimating the position of the BCC-CSM1-1 simulated ITCZ in 365 

November. The precipitation simulated by the BCC-CSM1-1 in November dropped well below 366 

the threshold east of ~140° W, and the algorithm attempted to derive a slope from the known but 367 

chaotic precipitation field west of the drop-off. This results in the estimation of the ITCZ well 368 

into the southern-hemisphere and causes the algorithm to fail. It should be noted that this is the 369 
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only time the algorithm was found to incorrectly estimate the ITCZ centerline when precipitation 370 

rates dropped below the set threshold for an extended period of time. In summation, the BCC-371 

CSM1-1 shows moderate agreement with GPCP and TRMM observations in the annually based 372 

comparisons, however, extensive seasonal analysis has shown that these good agreements are 373 

due a balancing of biases in a chaotic precipitation field. 374 

 As demonstrated in Figs. 6-9, ITCZ features simulated by the BCC-CSM1-1-m are 375 

significantly different compared to its BCC-CSM1-1 counterpart. For example, the widths of the 376 

ITCZ simulated by the BCC-CSM1-1-m are larger than the BCC-CSM1-1 across all months. 377 

While the width of the ITCZ does vary slightly across the AOF, the variations are far less chaotic 378 

than those found in the BCC-CSM1-1. The width of ITCZ simulated by the BCC-CSM1-1-m is 379 

the noisiest in November, which correlates with the greatest northward shift of the ITCZ in the 380 

BCC-CSM1-1-m. Other than in November, the ITCZ simulated by the BCC-CSM1-1-m is 381 

located southward compared to the observations. The significant differences shown between the 382 

BCC-CSM1-1 and the BCC-CSM1-1-m are unexpected given that these models use identical 383 

convective and stratiform parameterizations. The only difference between these two models, as 384 

we know, is that the horizontal resolution of the BCC-CSM1-1-m is much finer compared to 385 

BCC-CSM1-1 (Table 1).  386 

 ITCZ precipitation simulated by the GFDL-AM3 tends to be shifted slightly northward 387 

across all months other than in the JJA season, with the largest shifts found in the SON season. 388 

The simulated ITCZ is found to be wider than the observations across all months with the widest 389 

band occurring in the SON season, which results in the large shift northward mentioned 390 

previously. Precipitation intensity shows to be oversimulated nearly equally across all months 391 

compared to GPCP and TRMM observations. The GFDL-HIRAM-C180 (C180) and GFDL-392 
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HIRAM-C360 (C360) simulated widths of the ITCZ are slightly more chaotic than its GFDL-393 

AM3 counterpart. This is hypothesized to be a result of the higher resolutions in the C180 and 394 

C360 GCMs. The ITCZ is simulated northward compared to GPCP and TRMM observations in 395 

both the C180 and C360 GCMs, with the C180 simulating the ITCZ slightly more northward 396 

than the C360. Precipitation intensity and the width of the ITCZ are stronger and wider in the 397 

C360 than compared to the C180, while both models simulated wider ITCZs of stronger intensity 398 

compared to both GPCP and TRMM observations. 399 

 An interesting split is found when comparing the centerline positions simulated by the 400 

MRI-AGCM3-2H (2H) and MRI-AGCM3-2S (2S) GCMs (Mizuta et al. 2012, Murakami et al. 401 

2012). Both simulated ITCZs are northward compared to GPCP and TRMM observations, 402 

however, the 2H simulation tends to simulate the ITCZ slightly more northward in the DJF 403 

months compared to the 2S, while the 2S tends to simulate the ITCZ slightly more northward in 404 

the MAM season. Both the 2H and 2S models simulated a slightly wider ITCZ across all months 405 

compared to the observations. Comparing the width of the ITCZ in the 2H and 2S GCMs, the 2S 406 

tends to have a slightly more chaotic bandwidth, which is again hypothesized to be a result of the 407 

higher resolution used in the 2S simulation. Both simulations have higher precipitation rates 408 

across all months when compared to the GPCP observations, however, the 2H simulated slightly 409 

less precipitation compared to TRMM observations during the DJF season. 410 

 All of the discussions in this section are based the results found in this study. It is difficult 411 

to identify the physical reasons behind the similarities, differences, and biases of each model 412 

without manually running the GCMs and examining each GCM on finer temporal scales. 413 

Hopefully, this study will serve as a guide to identify these differences found in the GCM 414 

simulations.  415 
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6. Summary and Conclusions 416 

 In this study, a new algorithm has been developed to define the North Pacific ITCZ 417 

through several metrics, including: the centerline position of the ITCZ, the width of the ITCZ, 418 

and the magnitude of precipitation along the defined ITCZ. These metrics allow us to 419 

quantitatively evaluate magnitude-, location-, and width-based precipitation biases over the 420 

Pacific ITCZ from 29 CMIP5 GCMs using the GPCP and TRMM observations as a ground truth. 421 

Based on the ITCZ metrics derived from our multiyear analysis and the comparisons between the 422 

model simulations and observations, the following conclusions have been made: 423 

1) The GCMs predominately simulate the centerline of the ITCZ northward when compared to 424 

GPCP and TRMM observations, with the greatest shifts occurring in March. Very few GCMs 425 

shift southward, such as the BCC-CSM1-1 and the BCC-CSM1-1-m. Some of the models 426 

show promise, with either low biases or by a balancing of northward and southward biases 427 

such as the ACCESS1-0, ACCESS1-3, CCSM4, CESM-CAM5, CanAM4, HadGem2-A, and 428 

the MRI-AGCM3. 429 

2) Most of the GCMs simulate a much wider band of precipitation in the Pacific ITCZ compared 430 

to both GPCP and TRMM observations. A few of the GCMs simulated ITCZ widths relatively 431 

close to the observations, such as the ACCESS1-3, CMCC-CM, IPSL-CM5A-LR, IPSL-432 

CM5A-MR, MPI-ESM-LR, MPI-ESM-MR, and the MRI-AGCM3. The IPSL-CM5B-LR is 433 

the only model to generate a thinner band of precipitation. 434 

3) The GCMs tend to oversimulate precipitation compared to GPCP and TRMM observations. 435 

Of these GCMs, most have higher biases in the northern hemispheric summer months, with 436 

June showing the highest positive precipitation bias. A few of the models, namely the BCC-437 

CSM1-1 and the suite of IPSL GCMs, simulate less precipitation than the observations. 438 
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4) Comparisons of precipitation simulated by identical AMIP and CMIP versions of the model 439 

are nearly equally distributed for the 20 available GCMs used in this study. In detail, an equal 440 

split is found between three scenarios. For some of the GCMs, the CMIP version of the GCM 441 

simulated more precipitation than their AMIP counterparts, while in other GCMs their AMIP 442 

counterpart simulated more precipitation. Some of the GCMs showed an even split between 443 

CMIP or AMIP simulations simulating more precipitation, nearly cancelling out in the net 444 

effect. Analysis of vertical upwelling (omega, ω) fields at 850 mb showed no significant 445 

difference between two simulations. Further study is warranted to understand why some 446 

CMIPs simulated more precipitation, while others were less than their AMIP counterparts. 447 

  448 
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Figure Captions 719 

Fig. 1 – Comparisons of area-weighted mean precipitation (a) annually, in (b) January, and in (C) 720 
July between GPCP (black) and TRMM (red) observations and 29 GCM simulations used in this 721 
study over Tropical and sub-tropical regions (±40° latitude). The black/red lines each represent 722 
the mean of GPCP/TRMM observations, respectively, while the blue line represents the GCM 723 
ensemble mean. All results are calculated over the full study period, January 2000 to December 724 
2005. 725 
 726 
Fig. 2 – Annually averaged regional mean precipitation over ±40° latitudes from (a) GPCP and 727 
(b) TRMM observations and (c) the GCM Ensemble mean during the 6-yr study period. The 728 
annual area-weighted means for each dataset are shown on the upper right corner of the image. 729 
The green box in each image represents the Area Of Focus (AOF): 2° S to 21° N and 180° W to 730 
110° W, defined in this study. 731 
 732 
Fig. 3 – Seasonal precipitation in the Pacific ITCZ from GPCP and TRMM observations. The 733 
green box in each image represents the AOF (2° S to 21° N and 180° W to 110° W) defined in 734 
this study. The regional mean represents the average amount of seasonal precipitation within the 735 
AOF for the respective month during the 6-yr study period. 736 
 737 
Fig. 4 – A visual example defining Intertropical Convergence Zone (ITCZ) boundaries within the 738 
AOF using monthly data from the Australian Access 1-3 in January. The green box is the AOF 739 
defined in this study, the orange lines represent the upper and lower boundaries of the ITCZ 740 
using the method described, and the white line represents the derived centerline based on upper 741 
and lower boundaries. White, green, and red dots indicate a gridded precipitation rate greater 742 
than 4, 5, and 6 millimeters per day, respectively. 743 
 744 
Fig. 5 – Three idealized examples of potential biases found when comparing GCM simulated 745 
(blue, red, or green) and observed (black) precipitation in the ITCZ: (a) location bias shown by a 746 
shift northward in the simulated ITCZ, (b) magnitude bias shown as an intensification of 747 
precipitation in the simulated ITCZ, and (c) width bias shown as a broadening of the simulated 748 
ITCZ, when compared to the observed ITCZ. 749 
 750 
Fig. 6 – Position of the ITCZ centerline as derived by our algorithm, shown as each respective 751 
GCM minus observations. Each month is color coded as shown in the legend. The horizontal 752 
black line found near the center of the diagram can be interepreted as the centerline derived from 753 
GPCP and TRMM observations. As such, if the colored bar is above (below) the black line, this 754 
suggests the centerline of the ITCZ simulated by a GCM is located more northward (southward) 755 
compared to observations. Each bar is vertically stacked for each respective GCM, meaning the 756 
bias found in each month should be measured as the length of respectively colored bar and not as 757 
the distance from the black line. Bars are stacked with January closest to the black bar, and 758 
expands outward, stacked vertically, progressing by month to December. 759 
 760 
Fig. 7 – As in Fig. 6, except showing the width of the ITCZ as derived by our algorithm, 761 
calculated as the distance between the upper and lower boundaries of the ITCZ (orange lines the 762 
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in Fig. 4), shown as each respective GCM minus (a) GPCP or (b) TRMM observations. The 763 
colored bars above (below) the horizontal black line represent months where the vertical width of 764 
the simulated ITCZ of the respective GCM was found to wider (thinner) than the observed ITCZ.  765 
 766 
Fig. 8 – As in Fig. 6, except showing the magnitude of precipitation within the ITCZ as derived 767 
by our algorithm, shown as each respective GCM minus (a) GPCP or (b) TRMM observations. 768 
The colored bars above (below) the horizontal black line represent months where the of 769 
precipitation of the respective GCM was found to simulated stronger (weaker) than that of the 770 
respective observations. 771 
 772 
Fig. 9 - As in Fig. 6, except showing the ITCZ precipitation comparison between AMIP and 773 
historical ocean-coupled (CMIP) precipitation given as CMIP minus AMIP. The colored bars 774 
above (below) the horizontal black line represent months where precipitation in the respective 775 
GCM is found to be greater in the CMIP (AMIP) simulation. 776 
 777 
Fig. 10 - Algorithm results using averaged monthly precipitation from the BCC-CSM1-1 GCM.  778 
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Table Captions 779 

Table 1 – Summary of the 29 GCMs used in this study, along with their spatial resolution 780 
(longitude × latitude). Models across from each other (horizonatally) are considered to be linked 781 
when comparing historical and AMIP simulated precipitation in section 4c of this study 782 
Table 2 – A brief summary of  the convective and stratiform precipitation parameterizations from 783 
selected CMIP5 GCMs  784 
  785 
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Supplemental Figure Captions 786 

Supplemental Fig. A – Table version of Fig. 6 provided with quantitative values. Values in each 787 
cell depict the average monthly value of centerline shift (degrees of latitude) between each 788 
respective GCM and the averaged location from GPCP and TRMM observations, given as the 789 
model minus the observations. Cells are shaded blue (red) in increasing intensity when the 790 
centerline of the GCM was found to be more northward (southward) compared to the 791 
observations. The color of the text used within the cells is irrelevant within these supplemental 792 
figures and is only varied to provide easier reading and more contrast in available colors. 793 
 794 
Supplemental Fig. B – Table version of Fig. 7a provided with quantitative values. Values in each 795 
cell depict the difference in average monthly ITCZ width (degrees of latitude) between each 796 
respective GCM and GPCP observations, given as the model minus observations. Cells are 797 
shaded red (blue) in increasing intensity when the width of the ITCZ simulated by the GCM was 798 
found to be wider (thinner) compared to the GPCP ITCZ width. 799 
 800 
Supplemental Fig. C – Same as Fig. B but using TRMM observational results (Fig. 7b). 801 
 802 
Supplemental Fig. D – Table version of Figure 8a provided with quantitative values. Values in 803 
each cell depict the difference in precipitation (mm/day) between each GCM simulation and 804 
GPCP observation when averaged within ±4° latitude of the observed centerline, given as the 805 
model minus observations. Cells are shaded red (blue) in increasing intensity when the 806 
magnitude of precipitation in the GCM was found to be stronger (weaker) compared to the 807 
magnitude of precipitation within the GPCP ITCZ. 808 
 809 
Supplemental Fig. E – Same as Fig. D but using TRMM observational results (Fig. 8b). 810 
 811 
Supplemental Fig. F - Table version of Fig. 9 provided with quantitative values. Values in each 812 
cell depict the differences in precipitation (mm/day) between CMIP and AMIP simulations when 813 
averaged within ±4° latitude of the observed centerline, given as CMIP minus AMIP. Cells are 814 
shaded red (blue) in increasing intensity when the magnitude of precipitation in the CMIP 815 
version of the GCM was found to be stronger (weaker) compared to its AMIP counterpart. 816 
 817 

818 
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 819 

 820 
Fig. 1 – Comparisons of area-weighted mean precipitation (a) annually, in (b) January, and in (C) 821 
July between GPCP (black) and TRMM (red) observations and 29 GCM simulations used in this 822 
study over Tropical and sub-tropical regions (±40° latitude). The black/red lines each represent 823 
the mean of GPCP/TRMM observations, respectively, while the blue line represents the GCM 824 
ensemble mean. All results are calculated over the full study period, January 2000 to December 825 
2005.   826 



34 

 

 827 
Fig. 2 – Annually averaged regional mean precipitation over ±40° latitudes from (a) GPCP and 828 
(b) TRMM observations and (c) the GCM Ensemble mean during the 6-yr study period. The 829 
annual area-weighted means for each dataset are shown on the upper right corner of the image. 830 
The green box in each image represents the Area Of Focus (AOF): 2° S to 21° N and 180° W to 831 
110° W, defined in this study.  832 
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 833 
Fig. 3 – Seasonal precipitation in the Pacific ITCZ from GPCP and TRMM observations. The 834 
green box in each image represents the AOF (2° S to 21° N and 180° W to 110° W) defined in 835 
this study. The regional mean represents the average amount of seasonal precipitation within the 836 
AOF for the respective month during the 6-yr study period.  837 
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 838 
Fig. 4 – A visual example defining Intertropical Convergence Zone (ITCZ) boundaries within the 839 
AOF using monthly data from the Australian Access 1-3 in January. The green box is the AOF 840 
defined in this study, the orange lines represent the upper and lower boundaries of the ITCZ 841 
using the method described, and the white line represents the derived centerline based on upper 842 
and lower boundaries. White, green, and red dots indicate a gridded precipitation rate greater 843 
than 4, 5, and 6 millimeters per day, respectively.  844 
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 845 
Fig. 5 – Three idealized examples of potential biases found when comparing GCM simulated 846 
(blue, red, or green) and observed (black) precipitation in the ITCZ: (a) location bias shown by a 847 
shift northward in the simulated ITCZ, (b) magnitude bias shown as an intensification of 848 
precipitation in the simulated ITCZ, and (c) width bias shown as a broadening of the simulated 849 
ITCZ, when compared to the observed ITCZ.  850 
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 851 
Fig. 6 – Position of the ITCZ centerline as derived by our algorithm, shown as each respective 852 
GCM minus observations. Each month is color coded as shown in the legend. The horizontal 853 
black line found near the center of the diagram can be interpreted as the centerline derived from 854 
GPCP and TRMM observations. As such, if the colored bar is above (below) the black line, this 855 
suggests the centerline of the ITCZ simulated by a GCM is located more northward (southward) 856 
compared to observations. Each bar is vertically stacked for each respective GCM, meaning the 857 
bias found in each month should be measured as the length of respectively colored bar and not as 858 
the distance from the black line. Bars are stacked with January closest to the black bar, and 859 
expands outward, stacked vertically, progressing by month to December. 860 

 861 
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 862 
Fig. 7 – As in Fig. 6, except showing the width of the ITCZ as derived by our algorithm, 863 
calculated as the distance between the upper and lower boundaries of the ITCZ (orange lines the 864 
in Fig. 4), shown as each respective GCM minus (a) GPCP or (b) TRMM observations. The 865 
colored bars above (below) the horizontal black line represent months where the vertical width of 866 
the simulated ITCZ of the respective GCM was found to wider (thinner) than the observed ITCZ.  867 
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 869 
Fig. 8 – As in Fig. 6, except showing the magnitude of precipitation within the ITCZ as derived 870 
by our algorithm, shown as each respective GCM minus (a) GPCP or (b) TRMM observations. 871 
The colored bars above (below) the horizontal black line represent months where the of 872 
precipitation of the respective GCM was found to simulated stronger (weaker) than that of the 873 
respective observations. 874 
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 876 
Fig. 9 - As in Fig. 6, except showing the ITCZ precipitation comparison between AMIP and 877 
historical ocean-coupled (CMIP) precipitation given as CMIP minus AMIP. The colored bars 878 
above (below) the horizontal black line represent months where precipitation in the respective 879 
GCM is found to be greater in the CMIP (AMIP) simulation. 880 
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 882 
Fig. 10 - Algorithm results using averaged monthly precipitation from the BCC-CSM1-1 GCM, 883 
shown due to its chaotic pattern and undersimulaiton of precipitation when compared to GPCP 884 
and TRMM. As in Fig. 4, the green box is the AOF defined in this study, the orange lines 885 
represent the upper and lower boundaries of the ITCZ using the method described, and the white 886 
line represents the derived centerline based on upper and lower boundaries. The black line 887 
represents where the algorithm was forced to interpolate/extrapolate the centerline position due 888 
to precipitation values being below the threshold for that given latitudinal band. 889 
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 891 

Table 1 – Summary of the 29 GCMs used in this study, along with their spatial resolution 892 
(longitude × latitude). Models across from each other (horizontally) are considered to be linked 893 
when comparing historical and AMIP simulated precipitation in section 4c of this study. 894 

# AMIP Model Resolution Linked Historical Model 
1 ACCESS 1-0 1.875 x 1.25 ACCESS1-0 
2 ACCESS 1-3 1.875 x 1.25 ACCESS1-3 
3 BCC-CSM1-1 2.8125 x 2.8125 BCC-CSM1-1 
4 BCC-CSM1-1-m 1.25 x 1.25 BCC-CSM1-1-m 
5 BNU-ESM 2.8125 x 2.8125 BNU-ESM 
6 CCSM4 1.25 x 0.9375 CCSM4 
7 CESM1-CAM5 1.25 x 0.9375 CESM1-CAM5 
8 CMCC-CM 0.75 x 0.75 CMCC-CM 
9 CNRM-CM5 1.4 x 1.4 CNRM-CM5 

10 CSIRO-Mk3-6-0 1.875 x 1.875 CSIRO-Mk3-6-0 
11 CanAM4 2.8125 x 2.8125 CanCM4 
12 FGOALS-g2 2.815 x 3 FGOALS-g2 
13 FGOALS-s2 2.815 x 1.666 FGOALS-g2 
14 GFDL-AM3 2.5 x 2 GFDL-CM3 
15 GFDL-HIRAM-C180 0.625 x 0.5 - 
16 GFDL-HIRAM-C360 0.3125 x 0.25 - 
17 GISS-E2-R 2.5 x 2 - 
18 HadGEM2-A 1.875 x 1.25 - 
19 INM-CM4 2 x 1.5 - 
20 IPSL-CM5A-LR 3.75 x 1.875 IPSL-CM5A-LR 
21 IPSL-CM5A-MR 2.5 x 1.25 - 
22 IPSL-CM5B-LR 3.75 x 1.875 IPSL-CM5B-LR 
23 MIROC5 1.4 x 1.4 MIROC5 
24 MPI-ESM-LR 1.875 x 1.875 MPI-ESM-LR 
25 MPI-ESM-MR 1.875 x 1.875 - 
26 MRI-AGCM3-2H 0.5625 x 0.5625 - 
27 MRI-AGCM3-2S 0.1875 x 0.1875 - 
28 MRI-AGCM3 1.125 x 1.125 MRI-CGCM3 
29 NorESM1-M 2.5 x 1.8947 NorESM1-M 
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Table 2 – A brief summary of  the convective and stratiform precipitation parameterizations from 896 
selected CMIP5 GCMs  897 

Model Name Convective Precipitation Stratiform Precipitation 
BCC-CSM1-1 

BCC-CSM1-1-m 
Deep Convection (Wu, 2012) 

Shallow/middle Tropospheric convection  
(Hack et al., 1993) 

Rasch and Kristjánsson (1998)  
Zhang et al. (2003) 

CanAM4 

Deep convection is parameterized based on the 
method of Zhang and McFarlane, 1995 with 
modifications to limit its application to cloud 

ensembles with top above the freezing level and 
to use a prognostic, CAPE based closure 

(Scinocca and McFarlane, 2004).  
Shallow convection is parameterized using the 

mass flux scheme of von Salzen and 
McFarlane, 2002 and is allowed to occur 

concurrently with deep convection. 

Subgrid-scale stratiform clouds are parameterized 
using a statistical cloud scheme (Chaboureau and 

Bechtold, 2002). Microphysical processes are 
parameterized based on the approach of Lohmann 

and Roeckner, 1996 with improvements being 
applied to several processes (von Salzen, et al., 

2013). 

CSIRO-Mk3-6-0 
Bulk mass-flux convection scheme with a 

simple stability-dependent closure (Gregory 
and Rowntree 1990) modified by the inclusion 

of downdrafts (Gregory and Allen 1991). 

Bulk condensational scheme with prognostic 
variables for cloud liquid water and cloud ice 

(Rotstayn 1997, Rotstayn et al. 2000).  
Cloud droplet number concentration is empirically 

related to aerosol concentration for the first and 
second indirect effects (Rotstayn et al., 2012). 

GFDL-AM3 
GFDL-CM3 

Deep cumulus is parameterized as an ensemble 
of updraft cells, along with mesoscale updrafts 
and downdrafts (Donner, 1993; Donner et al., 

2001; Wilcox and Donner, 2007). Several 
modifications have been made in AM3 (Donner 

et al., 2011) for computational efficiency or 
simulation improvement. The relative numbers 
of updraft cells with varying entrainment are 

based on observations of the probability 
distribution function for vertical velocity in 
deep convection. The closure for the deep 

cumulus parameterization produces cumulus 
heating which relaxes convective available 
potential energy towards a threshold value.  

 
Shallow cumulus convection follows 

Bretherton et al. (2004), modified as in Zhao et 
al. (2009) and Donner et al. (2011). Shallow 

cumulus is parameterized as single, buoyancy-
sorting plume, with a closure for cloud-base 

mass flux based on boundary-layer turbulence 
kinetic energy. 

Stratiform clouds are parameterized following 
Tiedtke (1993), with modifications described in 

Donner et al. (2011). This parameterization 
consists of prognostic equations for cloud fraction, 

liquid, and ice, with sources and sinks due to 
advection, deep convection, and large-scale 

processes (e.g., condensation, deposition, radiative 
cooling, cloud erosion, and evaporation). 

GFDL-HIRAM-C180 
GFDL-HIRAM-C360 

Bretherton et al. (2004) approach, with 
modifications discussed in Zhao et al. (2009). 

Cloud fraction is determined diagnostically based 
on grid-box mean water content (Zhao et al., 

2009), with single-moment microphysics as in 
Anderson et al. (2004). 

MRI-AGCM3 
MRI-CGCM3 

Prognostic cloud water/ice mixing ratio and 
concentrations (MRI-TMBC) 

(Yukimoto et al, 2006) 

Spectral mass flux scheme 
(Yoshimura et al. 2014) 

MRI-AGCM3-2S 
MRI-AGCM-2H 

Prognostic cloud water mixing ratio and cloud 
cover based on Tiedtke (1993) 

Spectral mass flux scheme 
(Yoshimura et al. 2014) 

NorESM1-M 
Methods described in: 

Neale et al. (2010) 
Bentsen et al. (2013) 
Iversen et al. (2013) 
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Supplemental Figures 906 
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 908 

Supplemental Fig. A – Table version of Fig. 6 provided with quantitative values. Values in each 909 
cell depict the average monthly value of centerline shift (degrees of latitude) between each 910 
respective GCM and the averaged location from GPCP and TRMM observations, given as the 911 
model minus the observations. Cells are shaded blue (red) in increasing intensity when the 912 
centerline of the GCM was found to be more northward (southward) compared to the 913 
observations. The color of the text used within the cells is irrelevant within these supplemental 914 
figures and is only varied to provide easier reading and more contrast in available colors.  915 
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 916 

Supplemental Fig. B – Table version of Fig. 7a provided with quantitative values. Values in each 917 
cell depict the difference in average monthly ITCZ width (degrees of latitude) between each 918 
respective GCM and GPCP observations, given as the model minus observations. Cells are 919 
shaded red (blue) in increasing intensity when the width of the ITCZ simulated by the GCM was 920 
found to be wider (thinner) compared to the GPCP ITCZ width.   921 
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 922 

Supplemental Fig. C – Same as Fig. B but using TRMM observational results (Fig. 7b). 923 
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 925 

Supplemental Fig. D – Table version of Figure 8a provided with quantitative values. Values in 926 
each cell depict the difference in precipitation (mm/day) between each GCM simulation and 927 
GPCP observation when averaged within ±4° latitude of the observed centerline, given as the 928 
model minus observations. Cells are shaded red (blue) in increasing intensity when the 929 
magnitude of precipitation in the GCM was found to be stronger (weaker) compared to the 930 
magnitude of precipitation within the GPCP ITCZ.   931 
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 933 

Supplemental Fig. E – Same as Fig. D but using TRMM observational results (Fig. 8b). 934 
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 936 

Supplemental Fig. F - Table version of Fig. 9 provided with quantitative values. Values in each 937 
cell depict the differences in precipitation (mm/day) between CMIP and AMIP simulations when 938 
averaged within ±4° latitude of the observed centerline, given as CMIP minus AMIP. Cells are 939 
shaded red (blue) in increasing intensity when the magnitude of precipitation in the CMIP 940 
version of the GCM was found to be stronger (weaker) compared to its AMIP counterpart. 941 
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