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Abstract 
 

Projections from 46 downscaled climate model simulations were used to project the 

change in magnitude of extreme rainfall events used in engineering design and planning. A 

methodology analogous to that used in NOAA Atlas 14 was used to calculate annual average 

return period precipitation amounts from the model data to allow the computation of future 

change factors that can be applied to the Atlas 14 precipitation data to simulate future extreme 

rainfall conditions.  

Across the state the calculated change factors (CF) are >1 indicating an increase in 

extreme precipitation amounts. In general, CF values are larger in the northern part of New 

Jersey and smaller in central NJ and along the coast.  Under a high RCP8.5 emissions median CF 

values range from between 1.10 and 1.30 by the end of the century, indicating a 10-30% increase 

in extreme precipitation amounts.  Under more moderate RCP4.5 emissions, the CFs for 2- and 

10-yr annual recurrence interval (ARI) precipitation amounts by the end of the century are 

typically 1.05-1.15. The CF for 100-yr ARI are more variable ranging from little change (i.e. CF 

= 1.00) in the vicinity of New York City to larger 20-25% increases in northern NJ.   
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1. Introduction 
 

Intensity-Duration-Frequency (IDF) curves summarize the relationship between extreme 

rainfall intensity, duration and average recurrence interval or frequency of exceedance. This 

relationship is based on statistical analysis of long historical rainfall records. NOAA Atlas 14, 

published in volumes covering different parts of the U.S. (Bonnin et al. 2006; Perica et al. 2014) 

provides the foundation for such extreme rainfall analyses in New Jersey and the United States.  

A key assumption in the development of Atlas14 has been that the rainfall record is stationary.  

This infers that past rainfall observations reflect conditions that are likely in the future.  The 

validity of this assumption has been called into question resulting in concern that IDF curves that 

rely on past observations may not be an adequate guide under future climate conditions (Yan et 

al. 2020).  

 New Jersey and much of the mid-Atlantic region of the United States has exhibited notable 

increases in extreme precipitation. For example, this region has experienced a greater than 70% 

increase in the heaviest 1% of daily precipitation events over the period 1958-2010, which 

represents the highest regional increase in the US (Groisman et al. 2012, Kunkel et al. 2013, 

Walsh et al. 2014). In addition, parts of the region have also experienced a documented increase 

in flooding and rainfall events that are conducive to flooding, especially in urban environments 

(Collins 2009, DeGaetano 2009, Armstrong et al. 2014, Peterson et al. 2013, Georgakakos et al. 

2014).  The Mid-Atlantic U.S. is not the only region that has been experiencing greater extreme 

precipitation frequency and magnitude.  Similar trends are noted in the central and southeastern 

US (Groisman et al. 2012, Cooley and Chang 2017, Brown et al. 2020) as well as many other 

regions throughout the world (Groisman et al. 2005, Fisher and Knutti 2016, Lenderink et al. 

2011).   
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Coumou and Rahmstorf (2012) point to increases in atmospheric water vapor (consistent 

with increasing average temperature) and increases in the frequency of local convective storm 

events (also enhanced by warming surface temperatures) as physical reasons for these changes.  

In addition, changes in frequency, intensity, and tracks of tropical and extra-tropical cyclones 

contribute to trends in extreme precipitation (Kunkel et al., 2010).  In some cases, linkages to 

certain atmospheric circulation patterns have been posed as influencing changes in precipitation 

extremes (e.g. Kenyon and Hegerl, 2010).  Climate model simulations suggest a continuation of 

these extreme precipitation trends through the 21st century (e.g. Donat et al. 2016; Ning et al. 

2015; Sun et al. 2016). While the existence of trends in historical observations does not 

guarantee trends in future events, the prominence of the extreme precipitation trend, especially in 

combination with the consistency in the sign of model projections for extreme precipitation, is 

highly suggestive of future increases and sets a minimum level of what is physically possible.  

The significant increases in extreme precipitation since the mid-to-late 20th century noted 

in the climate record (DeGaetano, 2009; Groisman, 1992; Heineman, 2012; Kunkel et al., 1999; 

Kunkel, 2003) have raised practical concerns about use of an assumed stationary historical 

record to design infrastructure with a lifetime that extends well into the future.  For example, 

DeGaetano (2009) reports that rainfall amounts once considered 1-in-100-year events based on 

the data record available from 1950-1978, occur as often as once every 60 years based on data 

observed across the Northeast from 1978-2007.  This problem is exacerbated by climate model 

projections suggesting that the frequency and magnitude of extreme precipitation will continue to 

increase throughout the twenty-first century (e.g., DeGaetano and Castellano, 2017).   

Two broad approaches have been used to account for the non-stationarity of the rainfall 

record when assessing rainfall extremes. The first attempts to estimate the trend either in the 
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rainfall itself or potential drivers of the rainfall change and project this trend into the future.  The 

resulting IDF curves are dependent on the selected variable (e.g., time) (Agilan and Umamahesh 

2017; Cheng and AghaKouchak 2014; Sarhadi and Soulis 2017). In the second approach, climate 

projections from Global Climate Models (GCM) are used to construct future IDF curves.  These 

are often based on different greenhouse gas emissions scenarios (Cook, Anderson, and Samaras 

2017; DeGaetano and Castellano 2017; Ragno et al. 2018; Wu et al. 2019).  Although both 

approaches have been used in practice, each has advantages and disadvantages.  

The construction of time-dependent IDF curves requires long historical rainfall 

observations in order to establish the existence and magnitude of a time-dependent trend.  The 

record must also be free of any non-climatic influences such as changes in instrumentation or 

station siting.  Wright et al. (2019) show that quantifying station-scale nonstationary in 

precipitation frequency estimates with confidence is often unattainable. GCM projections are 

associated with their own biases and typically are only available at coarse resolution.  

Downscaling methods provide an approach to refine the resolution of GCM output to a scale 

more conducive to assessing local impacts. However, a wide range of methodologies exist 

complicating analyses.   

Previous work has implemented both methods either independently or in combination 

(e.g. DeGaetano and Castellano 2017; Ragno et al. 2018; Wu et al. 2019).  Despite these 

differences in methodology, it is useful to compare the results of these related studies. Ragno et 

al. (2018) used a combination of trend analysis and multi-model downscaled simulations to 

assess future IDF curves at the city scale.  They found a 10% increase in 25-, 50- and 100-year 

ARI precipitation was indicated in the 2050-2099 period in New York City under high RCP8.5 

emissions. A similar albeit smaller increase was found to occur in Washington, DC Ragno et al. 
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(2018).   An alternative study (Wu et al. 2019), used downscaled GCM projections and 

concluded that on average across the Northeast ensemble mean rainfall extremes will increase by 

22% in the 2054-2100 period under high RCP8.5 emissions and by 12% under moderate RCP 

4.5 emissions.  

 DeGaetano and Castellano (2017) used a suite of GCM models and downscaling 

approaches to develop future IDF curves for the state of New York.  There were considerable 

differences in the projected changes in rainfall extremes between these different downscaling 

methodologies and climate models given difference in the base models’ resolution, 

parameterizations of convective and rainfall generation processes and non-systematic biases in 

the downscaling approaches.  Spatial and between model variability was largest for the NA-

CORDEX simulations compared to the other methods. Across all GCM-downscaling method 

combinations, the 100-year ARI precipitation amount in 2070-2099 increased by between 15% 

and 25% statewide, under RCP 8.5. 

Building from DeGaetano and Castellano (2017) and other previous work, the most up-

to-date global climate change model projections and state-of-the-art downscaling methods, are 

used to develop climate change-informed ARI precipitation values that can be applied in New 

Jersey to plan and design for anticipated future precipitation conditions. The approach is rooted 

in the methodology conventionally used to analyze historical extreme precipitation records but 

extends this common practice to data from available climate model projections and downscaling 

techniques.  

 A change-factor approach was used to align with similar work done in surrounding states 

(Miro et al., 2021) and to facilitate use with Atlas 14.  This report details the data (section 2) and 

methods (section 3) used to project future 1-day rainfall extremes in two future time periods 
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(2020-2070 and 2050-2100).  The results, including an assessment of model biases in the 1950-

1999 historical period, change factors for the individual models and downscaling techniques 

included in the ensemble of methods evaluated, and final projections synthesizing information 

from more than 40 model-downscaling technique combinations are presented in Section 4.  

Results are presented for 2-, 10- and 100-year ARI precipitation under RCP 4.5 (moderate 

emissions) and RCP 8.5 (high emissions) Data are also available for 5-, 25- and 50-year ARI 

rainfall.  

  
2. Data 

i. Downscaled climate model datasets 

Historical and future downscaled atmosphere–ocean general circulation model (AOGCM) 

and Earth System model (ESM) output was obtained from four sources 1) North American 

Coordinated Regional Downscaling Experiment (NA-CORDEX) (Mearns et al., 2017), Bias 

Corrected Constructed Analogue (BCCAv2) (Maraun et al., 2010), Localized Constructed 

Analog (LOCA) (Pierce et al., 2014), and Multivariate Adaptive Constructed Analogs (MACA) 

(Abatzoglou and Brown, 2012).  Simulations from the models’ historical period and two future 

Representative Concentration Pathways (RCP4.5 and RCP 8.5) (Collins et al. 2013) were used. 

Table 1 highlights the unique features of each of these datasets. For example, LOCA 

downscaling provides one of the highest resolution outputs, while NA-CORDEX, the only 

dynamically downscaled dataset selected for this study, has a much coarser spatial resolution. 

Since the downscaling approach, choice of global climate model (GCM) and RCP, and spatial 

and temporal resolution each introduce their own source of uncertainty, it is important to 

consider a range of these features to capture the plausible range of future precipitation extremes. 
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The ability of each of these downscaled datasets in simulating extreme precipitation was 

evaluated by Lopez-Cantu et al. (2020).  They found substantial differences among the datasets 

in both the magnitude and spatial pattern of projected extreme precipitation. These differences 

 

Table 1. Characteristics of downscaled climate model datasets evaluated in this study 

Dataset RCPs Approximate gridded 
spatial resolution* 

Temporal 
resolution 

Downscaling 
approach 

BCCAv2 4.5,8.5 12 km (7.5 miles) Daily Statistical 
MACA 4.5, 8.5 4 km (2.5 miles) Daily Statistical 
LOCA 4.5, 8.5 6 km (3.7 miles) Daily Statistical 
NA-CORDEX 8.5 25 km (15.5 miles) Daily and Sub-daily Dynamical 
NA-CORDEX 4.5 25 km (15.5 miles) Daily Dynamical 
NA-CORDEX 4.5 50 km (31 miles) Daily Dynamical 

 
*Gridded spatial resolutions across all datasets are approximate and based on conversions from 

degrees to kilometers at mid-latitudes. 
 

are likely due to the downscaling methodology as opposed to differences in the choice of model 

or spatial resolution.  Historical (1951-2005) MACA simulations exhibited the least bias when 

compared to observed rainfall data, while BCCA simulations consistently underestimated the 

observed values.  In terms of future (2044-2099) projections, the change in extreme rainfall 

given by MACA was considerably larger than that of the other models.  Conversely the BCCA 

future projections exhibited the smallest change.  When compared to the projected changes in the 

native-resolution GCM, both the MACA and BCCA projections diverged from the original GCM 

signal, with BCCA mostly lower and MACA substantially higher (Lopez-Cantu et al., 2020).   

These differences were found to be related to the methodological choices within the downscaling 

procedures rather than the selected GCMs.  Although it is possible for dynamical downscaling 

methods to alter the driving GCM signal given their incorporation of improved surface 

representation and capability to solve physical processes at higher resolution, in statistical 
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methods, such as those used in MACA and BCCA, such difference are likely the result of signal 

artifacts associated with the very low frequency of occurrence of the events being simulated 

(Eum & Cannon, 2017; Lopez-Cantu et al., 2020).   Given this behavior, especially when 

coupled with the underestimation identified in the BCAA data, Lopez-Cantu et al. (2020) urged 

caution in the use of these data sets. Thus, these data sources were excluded from the final 

analyses.  

The LOCA dataset is widely used, as it forms the basis for downscaling in the current 

National Climate Assessment (USGCRP, 2018).  Projections from the 31 GCMs summarized in 

Table 2, downscaled to a spatial resolution of 0.0625° (approximately 6 km or the distance from 

Philadelphia to Camden), provide the foundation for the LOCA dataset.  The LOCA data cover a 

1950-2005 historical period and projections for the 2006-2099 future period using RCP4.5 and 

RCP8.5.  Details regarding the statistical downscaling methodology used in LOCA can be found 

in (Pierce et al., 2014).  Briefly, the method begins by matching the spatial pattern of the variable 

of interest from a future GCM projection to that based on historical observations over a region.  

From a pool of candidate observed historical analog days the single best candidate, based on 

minimization of root mean square error,  is chosen as an analog, unless a different analog day is 

selected for neighboring grid cells, in which case a weighted combination of the observed analog 

days is used.  In either case, high-resolution observed data corresponding to the historical analog 

day is used to represent the downscaled future rainfall.  

NA-CORDEX, on the other hand, employs a dynamical downscaling approach based on 

a set of regional climate models (RCM) with boundary conditions specified by GCM simulations 

from the CMIP5 archive.  The RCM domain is limited to the area covering the majority of North 

America.  Like LOCA, historical and future simulations are available for the period 1950-2100, 

https://agupubs.onlinelibrary.wiley.com/doi/full/10.1029/2019GL086797#grl60459-bib-0010
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using both RCP8.5 and RCP4.5.  Most simulations are available with a spatial resolution of 0.22° 

(approximately 25 km or the distance from Woodbridge to Newark), however a subset of 

RCP4.5 simulations are only available at a 0.44° (50 km) resolution.   While all CORDEX 

simulations are available at a daily temporal resolution, a limited number of simulations provide 

output at either 3-hourly or hourly resolution.  Table 3 summarizes the NA-CORDEX 

simulations used.  
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Table 2  List of CMIP5 models used in LOCA downscaling 

ID     Model         Modeling Center/Group         Resolution 
1 ACCESS1.0 CSIRO, Australia  1.25° × 1.875° 
2 ACCESS1.3 CSIRO, Australia  1.25° × 1.875° 
3 CCSM4  National Center for Atmos. Research 

(NCAR), USA 
0.9° × 1.25° 

4 CESM1-CAM5 Community Earth System Model, 
NCAR, USA 

0.9424° × 1.25° 

5 CMCC−CM  Euro−Mediterranean Centre on Climate 
Change, Italy 

0.75° × 0.75° 

6 CMCC−CMS Euro−Mediterranean Centre on Climate 
Change, Italy 

3.7111° × 3.75 

7 CNRM−CM5  National Centre for Meteorological 
Research, France  

1.4° × 1.4° 

8 CSIRO−Mk3.6.0  CSIRO, Australia 1.875° × 1.875° 
9 CanESM2  Canadian Centre for Climate Modeling 

and Analysis, Canada 
1.875° × 1.875° 

10 EC-EARTH EC Earth Consortium 1.1215° x 1.125° 
11 FGOALS−g2  LASG, China  2.8° × 2.8° 
12 GFDL−CM3  Geophysical Fluid Dynamics Lab, USA 2.0° × 2.5° 
13 GFDL−ESM2M  Geophysical Fluid Dynamics Lab, USA  2.0° × 2.5° 
14 GFDL−ESM2G  Geophysical Fluid Dynamics Lab, USA 2.0° × 2.5° 
15 GISS−E2−H  NASA Goddard Inst. for Space Sci., 

USA 
2.0° × 2.5° 

16 GISS−E2−R NASA Goddard Inst for Space Sci, 
USA  

2.0° × 2.5° 

17 HADGEM2−AO  Met Office Hadley Centre, United 
Kingdom  

1.25° × 1.875° 

18 HADGEM2−CC  Met Office Hadley Centre, United 
Kingdom  

1.25° × 1.875° 

19 IPSL−CM5A−MR  Pierre Simon Laplace Institute, France  1.25° × 2.5° 
20 IPSL−CM5A−LR  Pierre Simon Laplace Institute, France 1.9° × 3.75° 
21 MIROC−ESM  JAMSTEC/AORI/NIES, Japan  2.8° × 2.8° 
22 MIROC−ESM−CHEM  JAMSTEC/AORI/NIES, Japan 2.8° × 2.8° 
23 MIROC5  JAMSTEC/AORI/NIES, Japan  1.4° × 1.4° 
24 MPI-ESM-MR Max Planck Inst. For Meteorol., 

Germany 
1.8653° x 1.875 

25 MPI-ESM-LR Max Planck Inst. For Meteorol., 
Germany 

1.8653° x 1.875 

26 MRI−CGCM3 Meteorological Research Institute, 
Japan  

1.125° × 1.125° 

27 NorESM1−M  Norwegian Climate Center, Norway  1.9° × 2.5° 
28 BCC−CSM1.1 Beijing Climate Center, China  1.125° × 1.125° 
29 BCC−CSM1.1(m) Beijing Climate Center, China  2.8° × 2.8° 
30 BNU−ESM Beijing Normal University, China  2.8° × 2.8° 
31 inmcm4*    

 
Inst. of Numerical Mathematics, 
Russian Academy of Sciences 

1.5° × 2.0° 

*projection only 
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Table 3.  NA-CORDEX simulations used in this study 

 
ID 

Global Scale 
Model 

Regional Climate 
Model* 

Spatial 
Resolution 

(units) 

Temporal 
Resolution 

 
RCP 

1 CanESM2 CRCM4b 22 daily 8.5 
2 CanESM2 CRCM5-OUR b 22 daily 8.5  
3 CanESM2 CRCM5-UQAM b 22 daily 8.5 
4 CNRM-CM5 CRCM5-OUR b  22 daily 8.5 
5 GEMatm-Can* CRCM5-UQAM b 22 daily 8.5 
6 GEMatm-MPI* CRCM5-UQAM b 22 daily 8.5 
7 GFDL-ESM2M CRCM5-OUR b 22 daily 8.5  
8 GFDL-ESM2M RegCM4a 22 daily  3-hr 8.5 
9 GFDL-ESM2M WRFe 22 daily 1-hr 8.5 

10 HadGEM2-ES RegCM4 a 22 daily  3-hr 8.5 
11 HadGEM2-ES WRFe 22 daily  1-hr 8.5 
12 MPI-ESM-LR CRCM5-OUR 22 daily 8.5 
13 MPI-ESM-LR CRCM5-UQAM 22 daily 8.5 
14 MPI-ESM-LR RegCM4 a 22 daily  1-hr 8.5 
15 MPI-ESM-LR WRFe 22 daily  1-hr 8.5 
16 MPI-ESM-MR CRCM5-UQAM 22 daily 8.5 
      
1 CanESM2 CRCM4 b 44 daily 4.5 
2 CanESM2 CRCM5-UQAM b 44 daily 4.5 
3 CanESM2 RCA4c 22 daily 4.5 
4 EC-EARTH HIRAM5d 22 daily 4.5 
5 EC-EARTH RCA4 c 22 daily 4.5 
6 MPI-ESM-LR CRCM5-UQAM b 44 daily 4.5 
7 CanESM2 CRCM4 b 22 daily 4.5 
8 CanESM2 CRCM5-OUR b 22 daily 4.5 
9 GFDL-ESM2M CRCM5-OUR b 22 daily 4.5  
*GEMatm is a global version of the CRCM5 regional model (Hernandez-Diaz, 2019) 
aRegCM4: Regional Climate Model System, National Center for Atmospheric Research, USA 
bCRCM4 and CRCM5 Canadian Regional Climate Model, Canadian Centre for Climate Modeling and 

Analysis, Canada*.  Complementary Simulations available from Université du Québec à Montréal 

(UQAM)and OURANOS, Canada. 
cRCA4: Rossby Centre regional climate model, Rosby Centre, Sweden 
dHIRAM5 High Resolution Atmospheric Model, Geophysical Fluid Dynamics Lab, USA 
eWRF: Weather Research and Forecasting Model National Center for Atmospheric Research, and others, USA 

 

A limited set of results using GCM scale sub-daily simulations from the new CMIP6 data 

archive were also examined. This next evolution of the Coupled Model Intercomparison Project 

Phase is ongoing.  Downscaled datasets based on CMIP6 simulations are not yet available.  
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ii Station Data 

The downscaled climate model simulations for the historical period were compared to the 

ARI precipitation amounts from a set of 55 stations with records spanning the period from 1950-

2019. These stations corresponded to those analyzed in a companion report investing changes in 

ARI precipitation since the publication of NOAA Atlas 14. The stations are a part of the NOAA 

Cooperative Observer Network and were selected based on 1) their location within a region 

extending from 41.7°N to 37.5°N and 76.0°W to 72.5°W , 2) inclusion in NOAA Atlas 14 

Volume 2 or Volume 10 (Bonnin et al., 2006;  Perica et al., 2019)  and 3) less than 5% of daily 

precipitation missing in the 2050-2019 period.  Similarly, a larger set of regional stations was 

retained that included these base stations and additional sites meeting the above selection criteria, 

buts having at least 20 years of record after 1980.  For all sites, daily rainfall observations and 

flags were extracted from the Applied Climate Information System (ACIS) and reflect the values 

in the GHCN on January13, 2021.  Station data were analyzed using a method analogous to that 

used to compute ARIs for the downscaled climate model projections that is described in the next 

section. 

 

3. Methods 

Once the relevant data sets were downloaded, data processing proceeded according to the 

steps described below and outlined in Figure 1.  
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Figure 1. Workflow to analyze gridded downscaled climate projections and estimate change 
factors at the county scale for the study area. The same workflow was repeated for 
each future period and RCP scenario.  

 

i. Extreme value analysis 

Extreme rainfall events were extracted separately from each downscaled data set and 

model.  Conventionally, extreme rainfall analyses have been based on either annual maximum 

series (AMS) or partial duration series (PDS) (Madsen et al., 1997).  Using AMS, the largest 



 15 

precipitation event for a specific duration is selected for each year.  This potentially omits some 

independent large precipitations, as only a single event can be assigned to each year.  Thus, if 

extreme rainfall associated with two distinct hurricanes impacts a location in the same year, only 

the rainfall from one can be considered.  Using PDS, the n largest independent precipitation 

events are extracted, where n represents the number of available years of record.  Thus, two 

events can be selected from the same year, provided they do not occur within seven days of each 

other.  This 7-day period is chosen to assure the independence between the events.  PDS are used 

as the basis of this work, given this method’s widespread application (e.g. Cook et al., 2017; 

DeGaetano and Castellano 2017; Lopez‐Cantu et al.,  2020; Ragno et al. 2018; Thakali et al., 

2016; Wu et al. 2019) and to ensure the inclusion of all relevant extreme rainfall events projected 

in the downscaled climate simulations.  Figure 2 shows the difference in the AMS and PDS from 

a downscaled GCM gridpoint near Newark, NJ.  It is apparent that several large precipitation 

events would be excluded using the AMS.  All PDS events exceed 2 inches, whereas several 

AMS events, are associated with < 2 inch daily precipitation amounts. 
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Figure 2.  Time series of LOCA model downscaled daily precipitation for a grid point near 

Newark, NJ.  The PDS events are highlighted by red dots. AMS events are shown by 

the smaller green dots. 

 

A PDS was compiled for each grid cell, corresponding to the 50-year period from 1950-

1999.  This period was designated the historical period as it corresponds to each downscaled 

model’s historical simulation period.  Likewise, this time-period corresponds to the longest 

available overlap period between the downscaled simulations and stations included in NOAA 

Atlas 14. PDS for two future time periods 2020-2069 and 2050-2099 were also extracted.  The 

50-year length was selected to assure an adequate sample size for extreme value analysis, and to 

minimize the influence of the non-stationarity of the record and the potential effect of natural 

interdecadal variations in the extreme rainfall record (DeGaetano and Castellano, 2020).  

Separate PDS were also compiled for simulations using RCP8.5 and RCP4.5.  
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For each PDS, rainfall amounts corresponding to recurrence probabilities of 50%, 20%, 

10%, 4%, 2% and 1% (i.e. 2-, 5-, 10- 25-, 50- and 100-year storms) were computed by 

simulating the methodology used in NOAA Atlas 14 (Bonnin et al., 2006;  Perica et al., 2019).  

First, the python lmoments  package (https://pypi.org/project/lmoments/)  was used to fit the 

generalized extreme value (GEV) distribution to each grid point’s PDS using the methods of 

Hosking (1990).  Although not the only valid theoretical distribution for estimating extreme 

rainfall probabilities, the use of the GEV has been standard practice in prior extreme rainfall 

analyses (e.g. Papalexiou and Koutsoyiannis, 2013).  Given the L-moments estimates for the 

GEV parameters, the lmoments library quagev method was used to obtain the specified quantiles 

of the GEV distribution.   

In addition, the regional L-moments procedure used in NOAA Atlas 14 Volume 10 

(Perica et al., 2019) was adapted.  Although the majority of sites lied outside the region covered 

by this atlas, the methodology employed to develop regions in the later atlas was an 

improvement over the earlier implementation as it defined regions relative to each station rather 

than a small set of broad regions and corrected an error in the procedure used to define 

confidence intervals.   For each grid point, the 20 closest neighboring grids points, were 

identified.   Sample lmoments were obtained for each of these points using the lmoments library 

samlmu routine and an average of the higher order moments computed.  These averages along 

with the base grid’s location parameter (i.e. mean) were then used to obtain GEV parameters and 

quantiles.  

In separate work, two other fitting methods, the Maximum Likelihood Estimator (MLE) 

and the Generalized Maximum Likelihood Estimator (GMLE) that have been used in similar 

analyses (Martins and Stedinger, 2000) were compared.  The MLE and GMLE methods have 

https://pypi.org/project/lmoments/
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fundamentally the same objective (to maximize the log-likelihood function), but they differ in 

the sense that GMLE introduces a prior distribution for the shape parameter, limiting it to a 

physically credible interval. The R library extRemes was used to perform both the MLE and 

GMLE fit on each PDS series. The Akaike Information Criterion (AIC) was then used to 

compare the MLE and GMLE methods. AIC has been used in previous analyses to compare 

extreme models. While the GMLE method outperformed the MLE approach, there was not a 

clear advantage to using the method instead of the L-moments approach.  Thus, to align with 

NOAA Atlas 14 and to avoid the prior assumptions about the shape parameter required by the 

GMLE method, L-moments fitting was adopted in this work. 

 

ii. Change factor definition 

As outlined in Figure 2, the development of 2-, 5-, 10-, 25-, 50- and 100-year recurrence 

interval precipitation amounts using L-moments fitting of the GEV distribution is the second of a 

five-part workflow.  In the third step an ensemble of change-factors were computed for each 

gridpoint-model-RCP combination.  Change-factors (CF) are defined as: 

 

𝐶𝐶𝐶𝐶𝑖𝑖 =
𝑃𝑃𝑖𝑖,𝑟𝑟,𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑟𝑟𝑓𝑓

𝑃𝑃𝑟𝑟,ℎ𝑖𝑖𝑖𝑖𝑓𝑓𝑖𝑖𝑟𝑟𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖
 

 

 Where P is the precipitation associated with ith ensemble member for the rth recurrence interval 

computed for either one of the two future periods (2020-2069 or 2050-2099) or the 1950-1999 

historical period.  Ultimately the CFs computed using values obtained from single station versus 

regional L-moments fitting were similar. The regional approach, however, was adopted to 
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simulate the Atlas 14 methodology and since these values tended to be less variable from point to 

point.  

 For each grid-model-RCP combination an ensemble (i) of 1000 simulations was also 

constructed via a resampling procedure. From the GEV distribution fit to the original downscaled 

future period PDS, 1000 50-member PDS were randomly selected using the scipy genextreme 

rvs function.  A new GEV distribution was fit to each random PDS, retaining the original 

regional average of the higher order moments, and the resulting 2-, 5-, 10-, 25-, 50- and 100-year 

recurrence interval precipitation amounts used to compute 1000 random CF. 

 

iii Spatial interpolation and smoothing 

Next, the CF values were interpolated to a common 0.1° grid to allow the results from the 

different downscaling methods to be combined.  The scipy.interpolate griddata function was used 

to perform nearest neighbor interpolation. Finally, to smooth the spatial variations which often 

existed between neighboring grid points a 3-point uniform smoothing (i.e. the average of the grid 

and its two closest neighbors in each direction) was applied using the sci ndimage uniform_filter 

function.  The interpolate griddata function was also used to interpolate the CF from the 0.1 grid 

to county centroids.  Given the lack of spatial variation in CF, the county-level values obtained 

via this approach were not substantially different from those that would have resulted if a 

weighted average of grids encompassing a county were used. 

 

iv. Quantification of uncertainty 

In the final step, the uncertainty of the CFs was quantified.  At each 0.1° grid point an 

ensemble of 47,000 CFs was available for each recurrence interval under RCP8.5 (47 models; 31 
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LOCA and 16 CORDEX x 1000 resamples) and 40,000 CFs existed under RCP4.5.  From this 

ensemble the median CF factor was obtained as were the 17th, 25th, 75th and 83rd percentiles.  The 

17th and 83rd percentiles were selected to represent a likely range (Mastrandrea et al. 2010) of 

projections around the median.  

 
 
4. Results 

i. Station Bias 

Station biases were computed by comparing the observed ARI precipitation at each station 

with the analogous value computed based on each model’s historical period downscaled 

precipitation from the closest grid point.  Bias is expressed as a ratio (model divided by station).  

Thus, bias values >1 indicate the downscaled simulation overestimates the observed values, 

while bias < 1 indicates underestimation by the downscaled data.  Biases are presented for 2- 10- 

and 100- year ARI rainfall in Figures (3-11).  In each figure, the mapped values show the median 

bias across all models at each station.  Boxplots show the bias of individual models across all 

stations.    

a.  LOCA 

The LOCA projections underestimated the 2-, 10- and 100-year ARI precipitation at the 

majority of stations.  Model-to-model differences in the median bias for 2-yr ARI precipitation 

across all stations ranged from 65 to 80% of the observed values (Fig. 3). At specific stations, the 

model-median biases ranged from <60 to >100%, with the median (and mean) bias across all 

models and stations near 70%.  There was only some indication of a spatial pattern to the model-

median bias, with inland stations experiencing smaller biases (or even overestimates) and larger 

negative biases at coastal locations. Similar bias magnitudes and model-to-model variations were 

also noted for both 10-yr and 100-yr ARI precipitation (Fig. 4 and Fig. 5).  Likewise, biases were 
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closer to 1.0 at inland locations, with underestimates of 10- and 100-yr ARI precipitation 

prevalent at coast stations.   

 

Figure 3.  Bias associated with LOCA model simulations of 2-yr ARI precipitation for the 1950-

1999 historical period. In the map, the 30-model LOCA median is shown for each 

station.  The boxplots show the bias for each model (numbers correspond to models 

listed in Table 2) across all stations.  Model 31 (inmcm4) is excluded since a 

historical simulation is not available for this model. 
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Figure 4.  As in Figure 3, but for 10-yr ARI precipitation. 
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Figure 5.  As in Figure 3, but for 100-yr ARI precipitation. 

 

b. CORDEX RCP 8.5 

Unlike the LOCA simulations, the CORDEX models generally overestimated the observed 

2-yr ARI precipitation and displayed a much larger degree of model-to-model variation. Model-

to-model differences in the median bias for 2-yr ARI precipitation across all stations ranged from 

90 to 130% of the observed values (Fig. 6).  At specific stations, the model-median biases ranged 

from 90 to over 140%, with the median (and mean) bias across all models and stations near 

110%.  The inland versus coastal pattern of bias noted for the LOCA projections was not 

apparent.  For example, stations with biases in the 120-125% range were located at Cape May, 

NJ and Lewes, DE; JFK Airport; and stations in northeastern Pennsylvania (Fig 6).   The model-

median bias at neighboring stations in southern NJ varied considerably.  For some models, the 
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median overestimation exceeded 30%, while others underestimated the 2-yr ARI rainfall by 10% 

(Fig. 6).   

For 10-yr ARI, the median (and mean) bias across all models and stations decreased to near 

100% (Fig. 7).  However, model-to-model differences in the median bias across all stations 

remained large, ranging from 85 to 125% of the observed values (Fig. 7). Some models 

underestimated observed 10-yr ARI precipitation by as much as 40%, while others overestimated 

this value by more than 60% (Fig. 7). Like the 2-yr ARI, there was not a clear spatial pattern of 

model-median bias. In some cases, the median model simulations were 70% of the station 

values. This level of bias approached that for the LOCA simulations.   

Median (and mean) bias across all models and stations became <1.0 for 100-yr ARI 

precipitation indicating a change from primarily overestimation by the CORDEX models to 

underestimation. Model-to-model differences in the median bias across all stations remained 

large, ranging from < 80% for five models to over 120% in one case. At four stations, the 

ACCESS1.0 model overestimated the 100-yr ARI by more than 60%.  The pattern of greater 

underestimation near the coast as opposed to inland which was characteristic of the LOCA model 

is somewhat more evident for the CORDEX 100-yr ARI values.  
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Figure 6.  Bias associated with CORDEX RCP8.5 model simulations of 2-yr ARI precipitation 

for the 1950-1999 historical period.  In the map, the 16-model CORDEX median is 

shown for each station.  The boxplots show the bias for each model (numbers 

correspond to models listed in Table 3) across all stations. 

 



 26 

 

 

Figure 7.  As in Figure 6 but for 10-yr ARI precipitation. 
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Figure 8.  As in Figure 6 but for 100-yr ARI precipitation. 

 

c. CORDEX RCP 4.5 

The set of available CORDEX models was different under the RCP 4.5 scenarios, with the 

base resolution of some of the simulations coarser than those for RCP 8.5. Therefore, unlike 

LOCA, for which the same models and spatial resolutions exist for the RCP8.5 and RCP4.5 

scenarios, the historical biases needed to be assessed separately for this independent set of 

CORDEX models. 

In general, the RCP4.5 CORDEX model bias is similar to that for the RCP8.5 models.  

Individual models both over and underestimate the observed ARI precipitation amounts, with the 
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degree of underestimation increasing as the ARI lengthens (Figures 9-11).  For the 100-yr ARI, 

all but two models underestimate the observed values, with the median bias of the CanESM-

RCA4 and EC-EARTH-RCA4 combinations indicating only 60% of the observed value (Fig, 

11).  These are the only combinations that use the RCA4 regional model. Underestimates of this 

magnitude are the largest of any of the downscaled data sets.  Across the models, median biases 

range from 70-120% for the 2-yr ARI and 65-120% for the 100-yr ARI.  These ranges of model-

specific median bias are larger than those for the RCP8.5 CORDEX models.  Like the other 

downscaled datasets, coastal stations are associated with the largest underestimates and the bias 

at more inland locales transitions to either a smaller degree of underestimation or in some cases 

overestimation of the observed values. 
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Figure 9.  Bias associated with CORDEX RCP4.5 model simulations of 2-yr ARI precipitation 

for the 1950-1999 historical period. In the map, the 9-model CORDEX median is 

shown for each station.  The boxplots show the bias for each model (numbers 

correspond to models listed in Table 3) across all stations. 
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Figure 10.  As in Figure 9 but for 10-yr ARI precipitation. 
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Figure 11.  As in Figure 9 but for 100-yr ARI precipitation. 

 

ii. Model-Specific RCP8.5 Projected Change (2050-2099) 

Biases such as those described in the proceeding section are not uncommon in downscaled 

climate model data.  To account for these biases, future changes are typically expressed as a 

difference between the model values projected to occur in some future period and those 

simulated in the historical period.  In this approach, the bias is assumed to be constant throughout 

the modeling period (i.e. the same bias exists in the future and historical model periods) and 

therefore the resulting difference can be ascribed to the change in climate.  Applying these 

differences to observed data from the same period as the models’ historical simulation, 

effectively serves as a means of bias-adjusting the model simulation as the bias-free model 
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difference is applied to the observations.  In this section, the model-specific change factors in the 

2050-2099 period are discussed to elucidate uncertainty inherent to the different models and 

downscaling techniques.  Similar features characterize the 2020-2069 period and thus are not 

shown for the individual models.  Summary results for this early period are provided in the next 

section.  

a. LOCA RCP8.5 2050-2099 

For the LOCA-downscaled models, 2-yr and 10-yr ARI precipitation increases by 10-20% 

across the state in the 2050-2099 period under RCP 8.5 (Figs. 12 and13).  There is considerable 

model-to-model consistency in this change, with 75% of the model medians falling between 15 

and 20% (Fig. 12 and 13).  At a small subset of stations, all models indicate a decrease in 2-yr 

ARI rainfall, with a single model (inmcm4) indicating a decrease at nearly half the stations (Fig. 

12 and 13).  The smallest LOCA-model median increases (5-7.5%) are concentrated in central 

NJ along the Delaware River (Figs. 12 and 13).  Increases of between 15 and 20% are common 

in southern New Jersey.  The largest increases occur in the extreme northern part of the state 

with increases in the 20-25% range for 2-yr ARI and the 25-30% range for 10-yr ARI. 

For 100-yr ARI rainfall, the variation between models is greater, most show a median 

increase of between 10 and 30%, but two in two models (CESM1-CAM5 and GFDL-CM3) a 

decrease in 100-yr ARI precipitation is indicated at the majority of stations (Fig. 14).  

Conversely, median increases in excess of 30% are given by several models.  Many models show 

a doubling of 100-yr ARI precipitation at some stations with the BNU-ESM model data 

projecting rainfall to more than triple at several stations (Fig. 14).  The spatial pattern of CFs is 

very pronounced for the 100-yr ARI precipitation.  The smallest changes (slight decreases to 5% 

increases) are concentrated in and around New York City, with increases in the 5-10% along the 
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NJ coast and central parts of the state (Fig. 14). In extreme northern NJ and continuing into parts 

of Pennsylvania, New York and Connecticut, 100-yr ARI CFs exceed 1.40.  The area of smaller 

increases in near New York City was not indicated in early work for the state of New York. 

However, a direct comparison of these two sets of results is not possible given differences in the 

downscaling techniques, GCMs, periods of record, and spatial resolutions used.   In the New 

York work, some ensemble members did indicate decreases in 100-yr ARI in the vicinity of New 

York City in the 2070-2099 period the was evaluated. 

 

 

Figure 12.  Change in 2-yr ARI precipitation in 2050-2099 under RCP 8.5 relative to the 1950-

1999 historical period. In the map, the 31-model LOCA model median is shown for each 

LOCA grid point.  The boxplots show the change for each model (numbers correspond to 

models listed in Table 2) across all grid points. 
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Figure 13.  As in Figure 12 but for 10-yr ARI precipitation 
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Figure 14.  As in Figure 12 but for 100-yr ARI precipitation 

 

b. LOCA RCP4.5 2050-2099 

For the lower RCP4.5 emissions scenario, the magnitude of future change is less as 

expected.  For 2-yr ARI precipitation, the model-median change is near 10% (Fig. 15).  

Individual models show median changes of between 3 (inmcm4) and 17% (CMCC-CM). Similar 

changes are indicated for 10-yr ARI precipitation, however in most models the median increase 

is higher, with IPSL-CM5A-MR simulating a >20% increase (Fig. 16).  The spatial pattern of 

model-median change is similar to that under RCP8.5.  Smaller (5-10% increases are typical in 

the center of the state and the largest increases (15-20%) located in the north.  This pattern is 

exaggerated when the 100-yr ARI is considered. Grids in the vicinity of New York City and in 

central NJ show small (<5%) decreases in 100-ARI rainfall (Fig. 17).  In northern parts of the 
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state increases in the 25-35% range are common.  In two models (CMCC-CMS) and (GFDL-

CM3) decreases in 100-yr ARI precipitation are indicated at more than half of the grid points in 

the domain, while in several models 100-yr ARI precipitation increases at nearly all grids. 

 

 

Figure 15.  Change in 2-yr ARI precipitation in 2050-2099 under RCP 4.5 relative to the 1950-

1999 historical period. In the map, the 31-model LOCA model median is shown for 

each LOCA grid point.  The boxplots show the change for each model (numbers 

correspond to models listed in Table 3) across all grid points. 

 



 37 

 

Figure 16.  As in Figure 15 but for 10-yr ARI precipitation 
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Figure 17.  As in Figure 15 but for 100-yr ARI precipitation 

 

c. CORDEX RCP8.5 2050-2099 

The CORDEX model projections of 2-, 10- and 100-yr ARI rainfall under RCP8.5 for the 

2050-2099 period were characterized by similar, although slightly smaller median increases than 

those given by the LOCA models.  For both the 2-yr and 10-yr ARIs, median increases are in the 

10-20% range at most grid points (Figs. 21-22).  The smallest median increases were associated 

with the MPI-ESM-MR-CRCM5_UQAM model combination, while the CanESM2-CRCM4 

model combination indicated increases in excess of 20% at the majority of grid points. In most 

model combinations decreases were limited to just a few stations.   

For the 100-yr ARI, the median increases were slightly higher with the grid point median 

increase exceeding 20% for several models (Fig. 23). This is similar to the LOCA models in 
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which the median 100-yr ARI CF for some increased from those associated with 2-yr and 10-yr 

ARI.   Although the coarse resolution of the CORDEX simulations prevents a detailed analysis 

of the spatial pattern of changes, the general pattern runs counter to that for LOCA.  Especially 

for the 100-yr ARI, the smallest CFs are located inland in the northwest corner of the study 

domain (Fig. 23). 

 

 

 

Figure 21.  Change in 2-yr ARI precipitation in 2050-2099 under RCP 8.5 relative to the 1950-

1999 historical period. In the map, the 16-model CORDEX model median is shown 

for each CORDEX grid point.  The boxplots show the change for each model 

(numbers correspond to models listed in Table 3) across all grid points. 
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Figure 22.  As in Figure 21 but for 10-yr ARI precipitation 
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Figure 23.  As in Figure 21 but for 100-yr ARI precipitation 

 

d. CORDEX RCP4.5 2050-2099 

Under RCP4.5, the CORDEX model projections of 2-, 10- and 100-yr ARI rainfall for the 

2050-2099 period were characterized by consistently larger median increases that those given by 

the LOCA models.  For both the 2-yr and 10-yr ARIs, median increases are in the 10-15% range 

at most grid points (Figs. 24-25), whereas particularly in the center of the state the LOCA 

projections fell in the 5-10% range.  The smallest median increases were associated with the 

GEMatm-Can-CRCM5-UQAM, GFDL-ESM2M-RegCM4 and GFDL-ESM2M-WRF model 

combinations, while the GFDL-ESM3M-CRCM5-OUR model combination indicated increases 

in excess of 20% at the majority of grid points. Across the models, decreases were limited to just 

a few stations.   
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For the 100-yr ARI, the median increases were slightly lower with the grid point median 

increase falling below 10% for more models (Fig. 26). This is similar to the LOCA models in 

which the 100-yr ARI CF for some gridpoints decreased from those associated with 2-yr and 10-

yr ARI.   Although the coarse resolution of the CORDEX simulations prevents a detailed 

analysis of the spatial pattern of changes, there is a tendency for smaller increases in the central 

and southern parts of the study domain, especially for the 100-yr ARI.  This is similar to the 

LOCA pattern of larger increases to the north and smaller increases in the south. 

 

                    

Figure 24.  Change in 2-yr ARI precipitation in 2050-2099 under RCP 4.5 relative to the 1950-

1999 historical period. In the map, the 9-model CORDEX model median is shown 

for each CORDEX grid point.  The boxplots show the change for each model 

(numbers correspond to models listed in Table 3) across all grid points. 
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Figure 25.  As in Figure 24 but for 10-yr ARI precipitation 
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Figure 26.  As in Figure 24 but for 100-yr ARI precipitation 

 

iii. Ensemble change factors 

The CFs from the individual models were combined to give a single set of change factors.  

Here the LOCA and CORDEX results were interpolated to a common 0.1° grid and from the 

resulting set of 47,000 (47 models x 1000 simulations) change factors the median, 17th and 83rd 

percentiles extracted.  Approximately two thirds of these simulations fall between the 17th and 

83rd percentiles.  The 25th, 75th, 10th and 90th percentiles were also extracted.  Each of the figures 

below consist of three panels showing the 17th and 83rd percentile confidence bounds as well as 

the ensemble median change factors. 
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a. 2050-2099 RCP8.5 

For the 2 yr ARI (Fig. 27), the median change factors under the high emissions scenario, 

were consistently in the 1.15-1.20 range across the state, with the exception of an area of 1.10-

1.15 values on across the central part of the state.  The lower bound of the 17th-83rd percentile 

uncertainty range was generally in the range of 1.05 to 1.10, with lower values in central NJ and 

higher values to the north.  At the upper end of the uncertainty range, most CFs are in the 1.25-

1.30 range with higher (1.30-1.35) values in the north and a few areas of lower (1.20-1.25) CF 

values along the coast and across the middle of the state.   

 

 

Figure 27.  Change in 2-yr ARI precipitation in 2050-2099 under RCP 8.5 relative to the 1950-

1999 historical period for the ensemble of LOCA and CORDEX downscaled models.  

The lefthand panel shows the 17th percentile of the ensemble at each 0.1° gridpoint.  

The ensemble median is given in the center panel and the 83rd percentile of the 

ensemble shown in the rightmost panel.    
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The 10-yr ARI median change factors are similar to the 2-yr values, generally ranging 

from1.15 to 1.20, but with higher 1.20-1.25 values to both the north and along the southern coast 

and lower 1.10-1.15 CFs in the central part of the state (Fig. 28).  The uncertainty bounds are 

also similar to the 2-yr values, except for an area smaller 1.025-1.05 values characterizing the 

lower end of the uncertainty range in central NJ and generally higher values defining the upper 

uncertainty bound especially in northern NJ were many grids fall into the 1.35-1.40 range.  

 

Figure 28.  As in Figure 27 but for the 10-year ARI. 

 

The range of median 100-yr CFs expands relative to those for the shorter ARIs (Fig. 29).  

In the New York City area a few grid points have CF values as low as 1.075-1.10, while median 

CF values in extreme northern NJ fall into the 1.35-1.40 range.  In the majority of the state, 

median CF values for the 100-yr ARI fall between 1.10 and 1.20.  The uncertainty range for the 

100-yr ARI CFs is quite large.  At the lower end, the models project a decrease in 100-yr ARI 
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rainfall across the majority of the state (Fig. 29), with CF values mainly in the 0.95 -1.00 range, 

but in some locations the 17th percentile CF values fall below 0.95.  At the upper end of the 

uncertainty bound, a large part of northern NJ has 83rd percentile CF values in the 1.50-1.60 

range with some grids exceeding 1.70.  In coastal areas the upper uncertainty bound is only in 

the 1.20-1.25 range. 

 

Figure 29.  As in Figure 27 but for the 100-yr ARI 

 

b. 2050-2099 RCP 4.5 

Under the more moderate RCP4.5 emissions scenario, the CFs during the 2050-2099 

period decrease.  The median 2-yr ARI values range from 1.075-1.15 with the lower values again 

across the middle of the state (Fig. 30).  Median 10-yr ARI change factors range from 1.05 to 

1.15 with the highest values in northern NJ and the lowest (1.05-1.075) values covering a large 

area from New York City, along the NJ coast and across a broad area of central NJ (Fig. 31).  

The median CFs associated with the 100-year ARI, range from as low as 1.00-1.025 near New 
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York City to as high as 1.20-1.25s near High Point (Fig. 32).  In the majority of central and 

southern NJ CFs are in the 1.075-1.15 range. 

The lower uncertainty bound for 2-yr ARI under RCP4.5 is close to 1.00 (1.00-1.025) 

across most of the state, with higher (1.05-1.075) values in the north and a few grid points 

associated with values <1.00 in central NJ (Fig 30).  The lower bound for the 10-yr ARI is 

consistently in the 0.95-1.025 range across the state with values greater 1.05 confined to the 

northwest corner (Fig. 31). For the lower bound of the 100-yr ARI CFs, a larger area of the states 

associated with < 0.95 CFs (Fig. 32). The upper uncertainty bounds for both the 2-yr and 10-yr 

ARI are typically between 1.15 and 1.25 (Fig. 30 and 31).  CFs in the 1.25-1.30 range 

characterize the upper bound of the 10-yr ARI in northern NJ (Fig. 31) and cover the majority of 

the state for the 100-yr ARI (Fig. 32).  In northern NJ, CFs near the upper bound of the 

uncertainty range exceed 1.50. 

 

  



 49 

1999 historical period for the ensemble of LOCA and CORDEX downscaled models.  The 

lefthand panel shows the 17th percentile of the ensemble at each 0.1° gridpoint.  The ensemble 

median is given in the center panel and the 83rd percentile of the ensemble shown in the 

rightmost panel.    

 

Figure 31. As in Figure 30 but for the 10-yr ARI. 
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Figure 32.  As in Figure 30, but for the 100-yr ARI 

 

c.  2020-2069 RCP 8.5 

Mid-century (2020-2069) CFs under RCP 8.5 are similar to those for the end of the century 

under the more moderate RCP 4.5 emissions scenario, especially for the 2-yr and 10-yr ARI.  

The median 2-yr ARI values are generally in the 1.075-1.15 range with the same pattern of 

higher values north and lower values in the central part of the state (Fig. 33).  Median 10-yr ARI 

change factors range from 1.05 to 1.15 with the highest values in northern NJ and the lowest 

(1.05-1.075) values in an area of central NJ (Fig. 34).  The median CFs associated with the 100-

year ARI, are in the 1.20-1.30 range in northern NJ, but only 1.05 or less in central New Jersey 

and along the coast near New York City (Fig 35).   

In terms of the lower bound of the CF uncertainly range, decreases in 2-yr and 10-yr ARI 

are indicated by CF values in the 0.95-1.00 range (Fig 33 and 34) across much of the state, and 

decreases in 100-ARI precipitation are characterized by a large area of < 0.95 CFs (Fig. 35).   

The upper bounds of the 2020-2069 RCP8.5 confidence bounds are generally in the 1.15-1.20 
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range for the 2-yr ARI and 1.20-1.25 range for the 10-yr ARI (Fig 33 and 34).  Like the other 

cases there is considerable variation in the 100-yr ARI CFs with the upper bound of the 

uncertainty range exceeding 1.50 in the north and the smallest values in the 1.15-1.20 range 

along the coast (Fig. 35).  

 

Figure 33.  Change in 2-yr ARI precipitation in 2020-2069 under RCP 8.5 relative to the 1950-

1999 historical period for the ensemble of LOCA and CORDEX downscaled models.  

The lefthand panel shows the 17th percentile of the ensemble at each 0.1° gridpoint.  

The ensemble median is given in the center panel and the 83rd percentile of the 

ensemble shown in the rightmost panel.    
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Figure 34.  As in Figure 33, but for the 10-yr ARI 

 

 

 

Figure 35.  As in Figure 33, but for the 100-yr ARI. 
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d.  2020-2069 RCP 4.5 

Finally, under the RCP4.5 emissions scenario, median CFs in the 1.05-1.10 range 

characterize the 2-yr and 10-yr ARI (Fig. 36-37).  While for the 100-yr ARI, lower 1.025-1.05 

CFS occur in the vicinity of New York City and in central and coastal NJ and higher 1.10-1.15 

cover the northern part of the state (Fig. 38).  CF factors less than 1.00 again characterize the 

lower uncertainty bound for the 2-, 10- and 100-yr ARI.  The upper uncertainty bounds are 

generally in the 1.15-1.20 range for the 2- and 10-yr ARI (Fig. 36-37) and exceed 1.25 in all but 

coastal NJ for the 100-yr ARI. (Fig. 38). 

 

 

Figure 36.  Change in 2-yr ARI precipitation in 2020-2069 under RCP 4.5 relative to the 1950-

1999 historical period for the ensemble of LOCA and CORDEX downscaled models.  

The lefthand panel shows the 17th percentile of the ensemble at each 0.1° grid point.  

The ensemble median is given in the center panel and the 83rd percentile of the 

ensemble shown in the rightmost panel.    
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Figure 37.  As in Figure 36, but for the 10-yr ARI. 

 

 

Figure 38.  As in Figure 36, but for the 100-yr ARI. 
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iv. Sub-daily change factors  

A few studies have shown that sub-daily rainfall extremes might intensify at a higher rate 

than daily extremes (Prein et al. 2017).  However, available climate model simulations are 

limited.  Sub-daily data are only available from six of the 16 RCP 8.5 CORDEX simulations 

and are not a part of the LOCA dataset.  This small subset of hourly projections is 

characterized by considerable between-model and between-station variability. In Figures 21-

23, CFs based on daily CORDEX simulations are constrained between 0.8 and 2.0 for the 2- 

and 10-yr ARI and between 0.75 and 2.5 for the 100-yr ARI.  In the hourly simulations, 

however, the range of hourly change factors is substantially larger, varying from > 2.5 to 

<0.50 for the 100-yr ARI (Fig. 39).  For 3-hourly precipitation, the range of CF values 

narrows to a range similar to that of the daily values (Fig 39). These large differences 

coupled with the small number of available simulations, impedes the application of change 

factors at the sub-daily scale. 

Despite this variability, the median CFs for the sub-daily durations were similar to the 

daily values.   Using only those datasets with hourly or 3-hourly simulations, there is little 

difference the median CF for 1-, 3-, 6-, 12- or 24-hr precipitation for the 2-, 10- and 100-yr 

ARI (Fig. 39).  These median CF are also similar to those based on the larger set of daily 

resolution simulations, generally falling in the range of 10-30% (compare Figure 39 with 

Figures 21-23).  Although in Figure 39, there is some evidence for a slight increase in median 

CF with decreasing hourly duration, due to the general consistency of the median, high 

variation among models and stations, and limited number of simulations, the more robust set   
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Figure 39.  Boxplots of the median a) 2-yr, b) 10-yr and c) 100-yr ARI CORDEX change factors 

associated with various hourly durations. 

 

of daily CFs are assumed to apply to sub-daily precipitation.  This approach was also applied to 

future extreme rainfall projections for New York (DeGaetano and Castellano 2017) and for 

simulations covering the Virginia and locations within the Chesapeake Bay Watershed (Miro et 

al., 2021).  Further support for the use of a static CF across sub-daily precipitation durations, is 
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provided by observational precipitation which shows similar increasing trends in ARI 

precipitation amounts from 1990-2019 for different durations (DeGaetano and Tran, 2021).   

Future refinement of the CFs associated with sub-daily precipitation extremes will be 

warranted when a larger sample of higher temporal and spatial resolution model simulations 

becomes available.  In the current generation of climate model simulations processes such as 

convection that typically generate extreme sub-daily rainfall rates are parameterized instead of 

explicitly modeled, which further complicates the development of CFs for hourly precipitation 

extremes. 

 
5. Summary 
 

A suite of 47 downscaled climate model simulations was used to estimate changes in 

extreme rainfall amounts corresponding to the 2-, 5- 10-, 25-, 50- and 100-year ARI for locations 

encompassing the state of New Jersey.  Daily precipitation amounts from each climate model 

were analyzed based on the approach used with observed data in NOAA Atlas 14.  This allowed 

the generation of ARI precipitation amounts for each model that corresponded to three 50-year 

time periods.  The historical period, 1950-1999, reflected the available data record at the 

majority of stations in NOAA atlas 14, while providing a robust sample size for extreme value 

analysis.  Future simulations covered near term 2020-2069 and end-of-century 2050-2099 

periods.  Change factors (CF) representing the ratio of the future to historical values were then 

computed. 

Once interpolated to a common grid, the set of extreme precipitation CFs was pooled 

across the ensemble of models and the median value retained for each grid point.  In practice, 

this value can be multiplied by the extreme rainfall reported for a location in Atlas 14 to obtain 

an estimate of the magnitude of future extreme rainfall.  Percentiles other than the median were 
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also extracted to provide a measure of uncertainty.  The 17th-83rd percentile range was 

specifically chosen to reflect the “likely” range of future CFs.  

Figure 40 summarizes the median CFs for the 2-, 10- and 100-yr ARI during the 2050-

2099 and 2020-2069 periods under RCP 8.5 and RCP4.5.  In general, the CF values show a 

similar spatial pattern of larger increases in the northern part of NJ and small increases in central 

NJ, along the coast, and farther south over Delaware, especially for the 100-yr ARI.  Under a 

higher RCP 8.5 emissions scenario, rainfall extremes increase by between 10 and 30% across 

much of the state (CFs between 1.10 and 1.30) at the end of the century.  In the interim 2020-

2069 period, the change is more commonly in the 7.5-15% range.  Although the 100-yr ARI in 

northern NJ, increases by as much as 20%.   

Under more moderate RCP4.5 emissions, the change in the 2- and 10-yr ARI by the end 

of the century (2050-2099) is in line with the change for higher emissions in the earlier 2020-

2070, typically an increase of between 7.5 and 15%.  Under RCP 4.5 100-yr ARI precipitation in 

the 2050-2099 period changes very little from the current value (i.e. CF = 1.00) in the vicinity of 

New York City, with small 2.5-10% increases in central New Jersey and along the coast and 

larger 20-25% increases in northern NJ.  Across the state, the 2-yr ARI increases by 5-7.5% , the 

10-yr ARI increases by 5-15%, and increases in the 100-yr ARI range from 2.5% to 20% during 

the 2020-2069 period under moderate RCP 4.5 emissions. 

Collectively the CF values computed in this study synthesize projections from a 

combination of the latest and most widely available generation of global climate model  
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Figure 40.  Median 2-yr, 10-yr and 100-yr ARI precipitation CF for 2050-2099 and 2020-2069 
under RCP8.5 and RCP 4.5. 
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simulations and downscaling techniques.  These data sets were selected based on their common 

usage and ability to simulate and project rainfall extremes.  They represent the best available 

climate informed information on future changes in extreme rainfall.  Nonetheless, these 

projections are likely to evolve as newer climate models with enhanced resolution and improved 

representation of heavy rainfall generation mechanisms are developed and improved 

downscaling methodologies become available. 

Future updates to these CFs are indicated to assure that the most relevant and reliable 

climate data are being used in design and resiliency planning.  A cursory examination of a 

limited number of global scale simulations from the newest CMIP6 generation of models, 

indicated CFs of similar magnitudes to those based on GCM-scale CMIP5 simulations under 

RCP 8.5 during the 2050-2099 period (Fig. 41).  In general, for both CMIP5 and CMIP6 the 

model median CFs are for points encompassing NJ are in the range of 1.10-1.30 and show 

similar variation. While this gives some indication that CFs based on the newer generation of 

global models will be similar to those shown here, especially when accounting for the range of 

uncertainty in the downscaled CMIP5 simulations, it will be prudent to reevaluate the CFs once 

multiple sets of downscaled CMIP6 model projections become available. 
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Figure 41.  Change in a) 2-yr, c) 10-yr and e )100-yr ARI precipitation in 2050-2099 under RCP 

8.5 relative to the 1950-1999 historical period for a subset of GCM-scale CMIP6 

models.  Analogous values for a set of GCM-scale CMIP5 model simulations are 

given for  b) 2-yr, d) 10-yr and f) 100-yr ARI precipitation. 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE A1.  County-based 2-yr ARI change 
factors and projected precipitation estimates for 2050-2099 under RCP8.5 emissions. 
   

       Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 1.09 1.18 1.30 

 
3.60 3.91 4.29 

Bergen 1.10 1.19 1.30 
 

3.64 3.95 4.30 
Burlington 1.07 1.15 1.24 

 
3.59 3.88 4.19 

Camden 1.07 1.16 1.26 
 

3.55 3.82 4.15 
Cape May 1.08 1.18 1.30 

 
3.47 3.78 4.18 

Cumberland 1.08 1.17 1.28 
 

3.50 3.81 4.16 
Essex 1.08 1.16 1.29 

 
3.66 3.96 4.37 

Gloucester 1.07 1.16 1.27 
 

3.52 3.81 4.18 
Hudson 1.08 1.17 1.28 

 
3.55 3.85 4.22 

Hunterdon 1.07 1.16 1.27 
 

3.63 3.94 4.31 
Mercer 1.05 1.13 1.23 

 
3.47 3.76 4.08 

Middlesex 1.07 1.16 1.27 
 

3.56 3.86 4.24 
Monmouth 1.07 1.16 1.27 

 
3.62 3.91 4.29 

Morris 1.09 1.20 1.33 
 

3.89 4.27 4.72 
Ocean 1.08 1.16 1.26 

 
3.72 4.00 4.35 

Passaic 1.09 1.19 1.31 
 

3.74 4.07 4.49 
Salem 1.07 1.17 1.30 

 
3.50 3.83 4.24 

Somerset 1.06 1.16 1.28 
 

3.48 3.82 4.21 
Sussex 1.09 1.20 1.31 

 
3.47 3.80 4.16 

Union 1.08 1.17 1.30 
 

3.66 3.98 4.42 
Warren 1.07 1.16 1.27 

 
3.58 3.88 4.23 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE A2.  County-based 10-yr ARI 
change factors and projected precipitation estimates for 2050-2099 under RCP8.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 1.07 1.20 1.34  5.49 6.16 6.88 
Bergen 1.08 1.20 1.33  5.45 6.06 6.71 

Burlington 1.05 1.14 1.27  5.44 5.91 6.60 
Camden 1.07 1.18 1.29  5.40 5.94 6.54 

Cape May 1.08 1.21 1.34  5.38 6.04 6.69 
Cumberland 1.07 1.18 1.31  5.39 5.99 6.63 

Essex 1.06 1.18 1.32  5.52 6.12 6.86 
Gloucester 1.07 1.19 1.31  5.42 5.99 6.60 

Hudson 1.05 1.16 1.30  5.23 5.75 6.46 
Hunterdon 1.07 1.19 1.32  5.37 6.00 6.64 

Mercer 1.03 1.12 1.27  5.17 5.59 6.33 
Middlesex 1.05 1.15 1.30  5.35 5.88 6.62 
Monmouth 1.05 1.15 1.28  5.46 6.01 6.69 

Morris 1.09 1.24 1.39  5.73 6.51 7.27 
Ocean 1.06 1.14 1.28  5.68 6.15 6.89 
Passaic 1.09 1.22 1.37  5.64 6.33 7.06 
Salem 1.07 1.20 1.33  5.37 6.04 6.67 

Somerset 1.06 1.20 1.33  5.24 5.92 6.59 
Sussex 1.10 1.25 1.38  5.07 5.78 6.38 
Union 1.07 1.19 1.33  5.54 6.19 6.91 

Warren 1.08 1.21 1.33  5.26 5.92 6.49 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE A3.  County-based 100-yr ARI 
change factors and projected precipitation estimates for 2050-2099 under RCP8.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 0.94 1.22 1.47  8.37 10.86 13.05 
Bergen 1.01 1.24 1.46  8.43 10.36 12.27 

Burlington 0.96 1.13 1.40  8.51 9.99 12.39 
Camden 0.98 1.22 1.44  8.31 10.33 12.22 

Cape May 0.98 1.19 1.46  8.44 10.25 12.53 
Cumberland 0.95 1.18 1.47  8.26 10.27 12.82 

Essex 0.97 1.21 1.44  8.45 10.53 12.51 
Gloucester 0.96 1.22 1.46  8.24 10.43 12.45 

Hudson 0.92 1.13 1.37  7.54 9.25 11.26 
Hunterdon 0.99 1.26 1.50  7.92 10.15 12.04 

Mercer 0.96 1.17 1.43  7.90 9.70 11.79 
Middlesex 0.95 1.17 1.42  8.17 10.05 12.28 
Monmouth 0.96 1.16 1.38  8.52 10.33 12.32 

Morris 1.04 1.31 1.52  8.66 10.96 12.69 
Ocean 0.96 1.14 1.34  8.88 10.54 12.39 
Passaic 1.04 1.32 1.55  8.87 11.21 13.17 
Salem 0.97 1.19 1.42  8.25 10.14 12.14 

Somerset 0.99 1.28 1.53  8.00 10.40 12.44 
Sussex 1.07 1.36 1.60  8.04 10.14 11.98 
Union 0.96 1.21 1.44  8.41 10.59 12.55 

Warren 1.01 1.28 1.51  7.88 10.02 11.83 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE B1.  County-based 2-yr ARI change 
factors and projected precipitation estimates for 2050-2099 under RCP4.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 1.03 1.11 1.22  3.39 3.67 4.03 
Bergen 1.04 1.11 1.20  3.45 3.69 3.96 

Burlington 1.01 1.09 1.17  3.41 3.67 3.95 
Camden 1.02 1.09 1.18  3.36 3.60 3.88 

Cape May 1.02 1.11 1.21  3.27 3.57 3.89 
Cumberland 1.02 1.11 1.20  3.32 3.61 3.90 

Essex 1.01 1.09 1.19  3.43 3.72 4.05 
Gloucester 1.01 1.09 1.19  3.33 3.59 3.89 

Hudson 1.02 1.10 1.19  3.35 3.61 3.92 
Hunterdon 1.02 1.10 1.19  3.47 3.74 4.03 

Mercer 1.00 1.08 1.16  3.33 3.58 3.84 
Middlesex 1.00 1.09 1.19  3.34 3.66 3.97 
Monmouth 1.01 1.09 1.19  3.42 3.70 4.01 

Morris 1.05 1.12 1.23  3.74 4.00 4.36 
Ocean 1.03 1.09 1.18  3.54 3.78 4.06 
Passaic 1.04 1.12 1.21  3.58 3.83 4.14 
Salem 1.01 1.11 1.20  3.30 3.60 3.92 

Somerset 1.01 1.10 1.19  3.32 3.60 3.91 
Sussex 1.06 1.13 1.24  3.35 3.60 3.93 
Union 1.01 1.10 1.20  3.43 3.72 4.08 

Warren 1.04 1.11 1.20  3.48 3.71 4.00 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE B2.  County-based 10-yr ARI 
change factors and projected precipitation estimates for 2050-2099 under RCP4.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 1.01 1.11 1.24  5.20 5.73 6.38 
Bergen 1.03 1.12 1.23  5.19 5.64 6.19 

Burlington 1.00 1.08 1.18  5.22 5.62 6.15 
Camden 1.02 1.11 1.22  5.15 5.58 6.16 

Cape May 1.03 1.12 1.24  5.14 5.59 6.19 
Cumberland 1.02 1.11 1.21  5.16 5.60 6.11 

Essex 1.01 1.10 1.22  5.22 5.70 6.31 
Gloucester 1.02 1.11 1.23  5.14 5.60 6.19 

Hudson 0.99 1.08 1.19  4.94 5.38 5.92 
Hunterdon 1.03 1.10 1.23  5.17 5.53 6.18 

Mercer 0.99 1.07 1.17  4.96 5.37 5.87 
Middlesex 0.98 1.08 1.21  5.02 5.53 6.20 
Monmouth 0.99 1.08 1.19  5.14 5.62 6.19 

Morris 1.05 1.14 1.28  5.49 5.99 6.73 
Ocean 1.00 1.09 1.19  5.40 5.85 6.38 
Passaic 1.04 1.14 1.27  5.38 5.89 6.55 
Salem 1.02 1.12 1.23  5.13 5.61 6.16 

Somerset 1.02 1.11 1.24  5.03 5.48 6.14 
Sussex 1.05 1.15 1.29  4.84 5.30 5.97 
Union 1.01 1.10 1.23  5.22 5.70 6.39 

Warren 1.04 1.12 1.25  5.11 5.49 6.12 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE B3.  County-based 100-yr ARI 
change factors and projected precipitation estimates for 2050-2099 under RCP4.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 0.85 1.10 1.39  7.53 9.78 12.35 
Bergen 0.96 1.15 1.37  8.01 9.67 11.44 

Burlington 0.92 1.06 1.32  8.14 9.42 11.66 
Camden 0.96 1.14 1.39  8.09 9.64 11.74 

Cape May 0.95 1.13 1.32  8.17 9.71 11.37 
Cumberland 0.85 1.06 1.39  7.44 9.23 12.12 

Essex 0.94 1.12 1.33  8.19 9.70 11.56 
Gloucester 0.95 1.14 1.41  8.14 9.73 12.03 

Hudson 0.92 1.04 1.23  7.53 8.56 10.08 
Hunterdon 0.91 1.13 1.42  7.34 9.06 11.43 

Mercer 0.92 1.09 1.36  7.64 8.98 11.21 
Middlesex 0.88 1.10 1.33  7.60 9.48 11.47 
Monmouth 0.92 1.07 1.26  8.20 9.51 11.25 

Morris 0.95 1.20 1.46  7.91 10.00 12.19 
Ocean 0.94 1.07 1.24  8.68 9.97 11.50 
Passaic 0.93 1.22 1.50  7.95 10.39 12.78 
Salem 0.95 1.11 1.32  8.09 9.44 11.29 

Somerset 0.93 1.17 1.48  7.58 9.48 11.98 
Sussex 0.95 1.21 1.50  7.09 9.05 11.22 
Union 0.93 1.11 1.35  8.13 9.72 11.79 

Warren 0.95 1.15 1.37  7.42 8.98 10.70 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE C1.  County-based 2-yr ARI change 
factors and projected precipitation estimates for 2020-2069 under RCP8.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 1.00 1.11 1.21 

 
3.31 3.66 3.98 

Bergen 1.01 1.12 1.22 
 

3.34 3.71 4.02 
Burlington 1.00 1.09 1.18 

 
3.38 3.68 3.99 

Camden 1.00 1.10 1.19 
 

3.31 3.62 3.93 
Cape May 0.99 1.10 1.20 

 
3.18 3.53 3.85 

Cumberland 1.00 1.10 1.20 
 

3.25 3.59 3.90 
Essex 0.99 1.10 1.20 

 
3.37 3.73 4.09 

Gloucester 1.00 1.10 1.20 
 

3.28 3.61 3.93 
Hudson 1.00 1.10 1.20 

 
3.28 3.62 3.95 

Hunterdon 1.00 1.10 1.20 
 

3.39 3.74 4.06 
Mercer 0.99 1.08 1.17 

 
3.30 3.59 3.90 

Middlesex 0.98 1.10 1.20 
 

3.29 3.66 3.99 
Monmouth 1.00 1.10 1.20 

 
3.36 3.71 4.05 

Morris 1.00 1.12 1.24 
 

3.57 4.00 4.40 
Ocean 1.00 1.10 1.19 

 
3.44 3.79 4.11 

Passaic 1.00 1.12 1.22 
 

3.44 3.83 4.19 
Salem 1.00 1.11 1.21 

 
3.26 3.61 3.94 

Somerset 0.99 1.10 1.20 
 

3.27 3.62 3.96 
Sussex 1.02 1.13 1.23 

 
3.22 3.58 3.90 

Union 0.99 1.10 1.21 
 

3.37 3.74 4.11 
Warren 1.01 1.11 1.20 

 
3.37 3.70 4.01 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE C2.  County-based 10-yr ARI 
change factors and projected precipitation estimates for 2020-2069 under RCP8.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 1.00 1.11 1.22  5.14 5.71 6.29 
Bergen 1.01 1.11 1.23  5.08 5.62 6.21 

Burlington 0.99 1.08 1.19  5.14 5.60 6.20 
Camden 1.01 1.10 1.21  5.11 5.55 6.09 

Cape May 1.00 1.11 1.21  4.99 5.52 6.06 
Cumberland 1.00 1.11 1.21  5.08 5.62 6.15 

Essex 0.99 1.10 1.22  5.12 5.70 6.35 
Gloucester 1.01 1.11 1.21  5.10 5.57 6.09 

Hudson 0.98 1.08 1.21  4.88 5.38 6.02 
Hunterdon 1.01 1.11 1.23  5.05 5.58 6.20 

Mercer 0.98 1.07 1.19  4.91 5.34 5.96 
Middlesex 0.98 1.08 1.22  4.99 5.52 6.25 
Monmouth 0.99 1.08 1.21  5.16 5.64 6.33 

Morris 1.00 1.13 1.29  5.27 5.92 6.76 
Ocean 1.00 1.09 1.20  5.37 5.84 6.46 
Passaic 1.00 1.13 1.26  5.18 5.87 6.53 
Salem 1.01 1.12 1.23  5.09 5.62 6.18 

Somerset 0.99 1.11 1.24  4.92 5.48 6.15 
Sussex 1.03 1.13 1.27  4.76 5.24 5.85 
Union 0.98 1.10 1.23  5.11 5.70 6.40 

Warren 1.02 1.12 1.24  4.98 5.46 6.09 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE C3.  County-based 100-yr ARI 
change factors and projected precipitation estimates for 2020-2069 under RCP8.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 0.92 1.09 1.32  8.18 9.72 11.70 
Bergen 0.94 1.12 1.32  7.91 9.38 11.06 

Burlington 0.90 1.06 1.26  8.00 9.43 11.19 
Camden 0.94 1.12 1.28  8.00 9.47 10.84 

Cape May 0.96 1.12 1.30  8.24 9.67 11.22 
Cumberland 0.91 1.12 1.37  7.94 9.78 11.96 

Essex 0.92 1.10 1.32  7.98 9.58 11.46 
Gloucester 0.94 1.12 1.29  8.03 9.53 11.04 

Hudson 0.88 1.06 1.26  7.24 8.67 10.31 
Hunterdon 0.96 1.13 1.36  7.75 9.11 10.91 

Mercer 0.92 1.09 1.28  7.60 8.97 10.58 
Middlesex 0.90 1.08 1.29  7.77 9.35 11.11 
Monmouth 0.91 1.09 1.28  8.12 9.68 11.45 

Morris 0.95 1.18 1.44  7.90 9.80 12.00 
Ocean 0.95 1.06 1.24  8.80 9.88 11.47 
Passaic 0.95 1.17 1.44  8.10 10.00 12.23 
Salem 0.96 1.11 1.30  8.20 9.44 11.08 

Somerset 0.96 1.15 1.41  7.79 9.34 11.44 
Sussex 0.99 1.19 1.44  7.41 8.93 10.75 
Union 0.92 1.11 1.32  8.05 9.64 11.53 

Warren 0.94 1.15 1.39  7.33 8.98 10.84 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE D1.  County-based 2-yr ARI change 
factors and projected precipitation estimates for 2020-2069 under RCP4.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 0.98 1.08 1.18  3.24 3.57 3.88 
Bergen 0.99 1.07 1.16  3.28 3.56 3.85 

Burlington 0.99 1.07 1.15  3.33 3.59 3.87 
Camden 0.98 1.06 1.16  3.24 3.50 3.81 

Cape May 0.98 1.07 1.17  3.15 3.45 3.76 
Cumberland 0.99 1.07 1.16  3.20 3.47 3.77 

Essex 0.98 1.07 1.16  3.33 3.62 3.94 
Gloucester 0.97 1.06 1.16  3.20 3.48 3.79 

Hudson 0.98 1.07 1.17  3.23 3.52 3.83 
Hunterdon 0.99 1.07 1.17  3.34 3.63 3.97 

Mercer 0.97 1.04 1.14  3.23 3.47 3.78 
Middlesex 0.97 1.06 1.17  3.22 3.55 3.91 
Monmouth 0.98 1.07 1.17  3.30 3.61 3.95 

Morris 1.00 1.08 1.19  3.56 3.86 4.23 
Ocean 0.99 1.06 1.15  3.42 3.66 3.96 
Passaic 0.99 1.07 1.17  3.41 3.69 4.01 
Salem 0.97 1.07 1.17  3.16 3.48 3.83 

Somerset 0.97 1.07 1.17  3.20 3.51 3.86 
Sussex 1.01 1.10 1.19  3.21 3.48 3.79 
Union 0.97 1.07 1.17  3.31 3.63 3.98 

Warren 1.01 1.08 1.16  3.36 3.60 3.88 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE D2.  County-based 10-yr ARI 
change factors and projected precipitation estimates for 2020-2069 under RCP4.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 1.00 1.09 1.19  5.13 5.62 6.13 
Bergen 0.99 1.08 1.19  4.97 5.44 5.98 

Burlington 0.99 1.07 1.16  5.13 5.55 6.03 
Camden 1.00 1.08 1.17  5.05 5.43 5.91 

Cape May 1.00 1.10 1.19  4.97 5.47 5.96 
Cumberland 0.99 1.07 1.16  5.01 5.43 5.87 

Essex 0.97 1.07 1.18  5.05 5.57 6.14 
Gloucester 0.99 1.08 1.17  5.01 5.43 5.91 

Hudson 0.97 1.07 1.17  4.82 5.31 5.81 
Hunterdon 1.00 1.09 1.19  5.03 5.45 5.95 

Mercer 0.99 1.06 1.14  4.93 5.29 5.68 
Middlesex 0.97 1.07 1.19  4.96 5.46 6.06 
Monmouth 0.97 1.06 1.17  5.05 5.54 6.10 

Morris 1.01 1.10 1.24  5.30 5.78 6.49 
Ocean 0.99 1.06 1.16  5.31 5.73 6.22 
Passaic 1.00 1.09 1.22  5.15 5.64 6.28 
Salem 0.98 1.09 1.19  4.93 5.45 5.99 

Somerset 0.99 1.09 1.21  4.92 5.38 5.98 
Sussex 1.02 1.11 1.21  4.71 5.11 5.57 
Union 0.97 1.08 1.19  5.05 5.59 6.20 

Warren 1.01 1.09 1.19  4.93 5.34 5.80 
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SEE EXCEL TABLES FOR CURRENT DATA TABLE D3.  County-based 100-yr ARI 
change factors and projected precipitation estimates for 2020-2069 under RCP4.5 emissions. 
   

Change Factor 
   

Projected Precipitation 
 

County 17th 
Percentile 

Median 83rd 
Percentile 

 
17th 

Percentile 
Median 83rd 

Percentile 
Atlantic 0.89 1.11 1.30  7.89 9.85 11.53 
Bergen 0.94 1.12 1.33  7.87 9.39 11.14 

Burlington 0.93 1.10 1.25  8.28 9.79 11.09 
Camden 0.97 1.11 1.27  8.20 9.39 10.73 

Cape May 0.90 1.12 1.27  7.73 9.60 10.94 
Cumberland 0.84 1.07 1.28  7.33 9.36 11.18 

Essex 0.93 1.10 1.32  8.05 9.56 11.47 
Gloucester 0.95 1.10 1.26  8.13 9.42 10.79 

Hudson 0.89 1.07 1.25  7.32 8.80 10.29 
Hunterdon 0.93 1.11 1.33  7.44 8.95 10.73 

Mercer 0.95 1.10 1.29  7.87 9.11 10.65 
Middlesex 0.90 1.10 1.34  7.78 9.46 11.52 
Monmouth 0.90 1.06 1.27  8.07 9.46 11.34 

Morris 0.95 1.13 1.43  7.95 9.46 11.94 
Ocean 0.93 1.07 1.23  8.65 9.90 11.37 
Passaic 0.95 1.14 1.43  8.08 9.75 12.22 
Salem 0.93 1.08 1.24  7.97 9.24 10.57 

Somerset 0.93 1.14 1.44  7.55 9.21 11.64 
Sussex 0.95 1.13 1.33  7.13 8.48 9.93 
Union 0.93 1.10 1.35  8.09 9.62 11.73 

Warren 0.91 1.10 1.24  7.11 8.58 9.70 
 


	Table 1. Characteristics of downscaled climate model datasets evaluated in this study

