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Abstract  

Anthropogenic climate change is the greatest threat our world faces. Because the impacts of 

climate change are linked to location, mapping is a meaningful way to convey results. I map 3 

different phenomena and investigate methodological improvements and the associated 

uncertainty of acid deposition, heat waves, and soil organic carbon. My research on acid 

deposition updates the 2010 global budget for reactive nitrogen and sulfur components, 

improving the results of models from the second phase of the United Nation’s Task Force on 

Hemispheric Transport of Air Pollution (HTAP-II). My analysis is a step towards the World 

Meteorological Organization’s goal of global products for mapping harmful air pollution. Acid 

deposition is also relevant to the future climate; one potential response to climate change is 

stratospheric aerosol injection (SAI), where sulfur dioxide is injected into the stratosphere to 

block incoming solar radiation. I use outputs from the Geoengineering Model Intercomparison 

Project (GeoMIP) to track sulfur deposition from SAI through comparison with historical climate 

and two future Shared Socioeconomic Pathways (SSPs). My research emphasizes the lack of 

agreement between models and the importance of resolving these conflicts. The most common 

and recognizable climate change indicators are those related to temperature. However, most 

studies rely on a single dynamically downscaled model or an ensemble of statistically 

downscaled models. My work evaluates future heat wave risk in the US with an ensemble of 

dynamically downscaled models and an ensemble of statistically downscaled models. My results 

emphasize the importance of state-of-the-science modeling techniques for fine-resolution, 

domain-specific climate projections. In order to mitigate climate change, decarbonizing many 

industries will need to be a priority. A requirement of this work is an understanding of baseline 

soil organic carbon (SOC), before it is modified. My research focuses on SOC in the US from 

the 1980s to the present day. I incorporate satellite imagery, climatic and land use variables, and 

apply machine learning methods to produce high resolution, temporally and spatially continuous 

maps. Overall, my research aims to bring clarity to complex, multidimensional data through 

mapping techniques and thorough analysis.   
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Chapter 1 Introduction 

1.1 Global Environmental Change: Motivations for Research 

Global environmental change is the outcome of processes that operate on multiple spatial and 

temporal scales and have far-reaching consequences planetary, ecosystem, and human health 

(Vitousek, 1992). While such change has always been occurring because the Earth is not a static 

system, the specific phenomenon of anthropogenic climate change dates only to the 

industrialization of the mid-19th century when the burning and extraction of fossil fuels began on 

a large scale (Abram et al., 2016). Anthropogenic climate change is speeding up the rate of 

change of long-term processes (Lohmann et al., 2021) and having devastatingly fast impacts on 

the ecosystems and humans at risk from climate-related disasters. 

Because the impacts of climate change are inextricably linked to location and environment, 

mapping is a particularly meaningful way to convey results and explore data. However, maps of 

non-static climate variables can often be misleading or incomplete due to the lack of ground-

based observations in many regions, the difficulty of spatially interpolating in complex 

environments, and lack of uncertainty metrics. My research focuses on mapping techniques 

specifically for climate data – multidimensional, global time series of various environmental 

variables that are rapidly evolving due to the amount of carbon dioxide in the atmosphere. I map 

3 different phenomena and investigate methodological improvements and the associated 

uncertainty of 1) acid deposition, 2) heat waves, and 3) soil organic carbon at varying time 

scales, all fundamentally related to global environmental change and climate impacts. 

First, acid deposition. Carbon dioxide is not the only emission of concern related to 

anthropogenic climate change. While not a greenhouse gas, global reactive nitrogen (N) 

deposition has more than tripled since 1860 and is expected to remain high due to food 

production and fossil fuel consumption (Vishwakarma et al., 2023). And global sulfur emissions 

have been decreasing worldwide over the last 30 years, but many regions are still experiencing 

unhealthily high levels of deposition (X. Ge et al., 2023). My work updates the 2010 global 

deposition budget for reactive nitrogen and sulfur components with new regional wet deposition 

measurements from Asia, improving the ensemble results of eleven global chemistry transport 

models from the second phase of the United Nation’s Task Force on Hemispheric Transport of 

Air Pollution (HTAP-II). This study will demonstrate that a global measurement-model fusion 

approach can improve N and S deposition model estimates at a regional scale, with sufficient 
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availability of observations. This analysis represents a step forward toward the World 

Meteorological Organization’s goal of global fusion products for accurately mapping harmful air 

pollution deposition, eventually using machine learning and satellite imagery to fill gaps in 

regions that do not have observations.  

Even with immediate global policy implementation, the impacts of climate change will continue 

to worsen over the next decades (IPCC, 2022). One potential response is stratospheric aerosol 

injection (SAI), where sulfur dioxide particles are released into the stratosphere to block 

incoming solar radiation and slow warming with the aim of giving the world more time to 

implement carbon reduction strategies (Crutzen, 2006). Sulfate aerosols have a lifetime of 

several years in the stratosphere but eventually they will be deposited back onto Earth’s surface 

(Visioni et al., 2020). While sulfate is an important nutrient for many ecosystems, high 

concentrations can cause acidification, eutrophication, and a loss of biodiversity (Larssen & 

Carmichael, 2000). I will use model outputs from the Geoengineering Model Intercomparison 

Project (GeoMIP) to track the impacts of sulfur deposition from SAI to ecoregions through 

comparison with historical climate and two future Shared Socioeconomic Pathway (SSP) 

scenarios. My research emphasizes the lack of agreement between models and the importance of 

resolving these conflicts in order to improve our understanding of SAI impacts for future climate 

decision-making. 

Secondly, heat waves. Perhaps the most common and recognizable climate change indicators are 

those related to temperature and the increase in daily averages over the last 50 years (Matthew 

Ballew et al., 2023; US EPA, 2015c). Heat waves are both common and deadly and as such 

measuring them provides an important metric to understanding climate change’s impact on 

human and environmental health. The association between heat waves and mortality, morbidity, 

and ecosystem stress is well-established and as our world continues to warm, heat waves will 

become more frequent, more intense, and lengthier (IPCC, 2022). However, in order to project 

future heat wave trends and the human and environmental impacts, most studies rely on either 

coarse-resolution climate models, which are not sufficient for regional analysis, a single 

dynamically downscaled model, which is computationally intensive and potentially biased, or an 

ensemble of statistically downscaled models, which may not be as accurate for modeling future 

conditions. My work will evaluate projected future heat wave risk to the US on a regional scale 

with both an ensemble of 6 dynamically downscaled models and an ensemble of 6 statistically 
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downscaled models. My results emphasize the need for urgent preparations for a hotter future 

climate and the importance of state-of-the-science modeling techniques for fine-resolution, 

domain-specific climate projections.  

And finally, soil organic carbon. In order to mitigate climate change with or without 

geoengineering, decarbonizing many industries will need to be a priority. One such is aviation, 

which has contributed about 4% of the total global warming to date through a variety of 

mechanisms (Klöwer et al., 2021; D. S. Lee et al., 2021). In the US, the Federal Aviation 

Administration (FAA) is funding research into methods of making sustainable aviation fuel 

(SAF). Making SAF involves growing and managing biofuel crops on a large scale. In order to 

determine site suitability and management practices, a model, POLYSIS 

(https://bioenergymodels.nrel.gov/models/37/), is required to simulate the agriculture sector and 

project resource allocation. One of the important inputs is high quality maps of soil organic 

carbon (SOC), as a baseline for agricultural productivity. My research focuses on mapping SOC 

in the US from the 1980s to the present day and elucidating long term trends in SOC. I will 

incorporate satellite imagery as well as multiple climatic land use variables and apply machine 

learning methods to produce high resolution, temporally and spatially continuous maps of SOC 

dynamics in the US. Overall, my research aims to bring clarity to complex, multidimensional 

data through mapping techniques and thorough analysis.  

  

https://bioenergymodels.nrel.gov/models/37/


4 

Chapter 2 Global Nitrogen and Sulfur Mapping Using a Measurement-Model Fusion Approach 

A version of this chapter has been published as: 

Rubin, H. J., Fu, J. S., Dentener, F., Li, R., Huang, K., and Fu, H.: Global nitrogen and sulfur 

deposition mapping using a measurement–model fusion approach, Atmos. Chem. Phys., 23, 

7091–7102, https://doi.org/10.5194/acp-23-7091-2023, 2023. 

2.1 Nitrogen and Sulfur Deposition 

Atmospheric nitrogen and sulfur deposition from human activities related to the use of fossils 

and land use have significant implications for ecosystem and human health. Elevated levels of 

nitrogen and sulfur can lead to eutrophication (Anderson et al., 2008; Heisler et al., 2008), 

changes in carbon sequestration (Kicklighter et al., 2019; de Vries et al., 2009; Zhu et al., 2020), 

loss of biodiversity (C. M. Clark et al., 2013; Dise & Stevens, 2005), and acidification (Bowman 

et al., 2008). While sulfur deposition is expected to decrease over the next 80 years (Lamarque et 

al., 2013), it will remain a serious hazard in many emerging economies. For instance, sulfur 

deposition in East Asia peaked in 2006 (Lu et al., 2010) but is still high enough to be concerning, 

especially in natural and semi-natural regions (Doney et al., 2007; X. S. Luo et al., 2014).  

Oxidized nitrogen (NOy) and reduced nitrogen (NHx), together called reactive nitrogen (Nr), and 

oxidized sulfur (SOx) deposition occur as wet and dry processes (Dentener et al., 2006). Wet 

deposition is measured at hundreds of locations in Europe, North America, and Asia, but dry 

deposition is harder to measure and is often instead derived from ambient concentrations and 

modeled deposition velocities (W. Xu et al., 2015). For example, dry deposition is inferred from 

continuous concentration measurements combined with modeled dry deposition velocities at a 

few locations in North America (US EPA, 2015a) and Asia (Asia Center for Air Pollution 

Research, 2021).  

The United Nations Economic Commission for Europe’s Task Force on Hemispheric Transport 

of Air Pollution (HTAP) is an international effort to improve the understanding of air pollution 

transport science with emissions models. The second phase of HTAP was launched in 2012. Tan 

et al. (2018) used the multi-model mean (MMM) of 11 HTAP II chemistry transport models to 

estimate the sulfur and nitrogen deposition budgets for 2010. Significant uncertainty remained 

due to a lack of station measurements, especially in East Asia, a large contributor to the overall 

budget. Tan et al. (2018) compared Acid Deposition Monitoring Network in East Asia (EANET) 

(Acid Deposition Monitoring Network in East Asia, 2021) measurements to the MMM output 
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but there were very few measurements in East Asia and all were located along the southeastern 

coast. In contrast, the highest emissions and modeled deposition were inland and north, making it 

challenging to evaluate model performance. 

Combining measurements and model estimates in a “measurement-model fusion” (MMF) 

approach has the advantage of retaining the broad spatial coverage of models while accurately 

matching observations. Generally speaking, MMF takes model estimates of concentrations or 

fluxes for a region and modifies them based on in-situ point measurements to force the model 

towards the observed values (Labrador et al., 2020). One global MMF approach for wet 

deposition combined measurements with HTAP I ensemble model values for 2000-2002 (Vet et 

al., 2014) where model estimates filled empty grid cells lacking a 3-year observed mean. 

Another MMF approach in North America (Atmospheric Deposition Analysis Generated from 

optimal Interpolation from Observations, “ADAGIO”) used observed concentrations to adjust 

predicted concentrations from the Global Environmental Multiscale-Modelling Air Quality and 

Chemistry (GEM-MACH) model (D. Schwede et al., 2019). Recent work in the US (D. B. 

Schwede & Lear, 2014; Y. Zhang et al., 2019) incorporates Community Multiscale Air Quality 

(CMAQ) model output and precipitation data generated by the Parameter-elevation Regressions 

on Independent Slopes Model (PRISM, https://prism.oregonstate.edu/, Accessed: 10/01/22), as 

well as observations using inverse distance weighting to create total deposition (“TDep”, 

https://nadp.slh.wisc.edu/committees/tdep/#tdep-maps) maps that are publicly available.  

More details of the MMF approach are described in Fu et al. (2022) as they lay out a roadmap for 

future work, following the World Meteorological Organization’s Global Atmosphere Watch 

Program (WMO GAW) and the intended role of the MMF Global Total Atmospheric Deposition 

(MMF-GTAD) project. This study updates Tan et al.’s (2018) global S and N deposition budgets 

using a variation of the TDep methodology (D. B. Schwede & Lear, 2014) to merge NHx, NOy, 

and SOx modelled gridded deposition fluxes results with deposition fluxes derived from 

observations of NO3
-, NH4

+, and SO4
2- in precipitation and precipitation amounts The main 

purpose of this study is to demonstrate the viability of a straightforward but globally applicable 

MMF approach, while remaining consistent with previous work that provided datasets for impact 

assessments for various communities. This approach is an important intermediate step towards 

the WMO’s goal of reliable deposition products to aid decision-making. I will update the 2010  

 

https://prism.oregonstate.edu/
https://nadp.slh.wisc.edu/committees/tdep/#tdep-maps
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deposition budgets using MMF to combine the broad spatial coverage of a model with accurate 

in-situ measurements. 

2.2 Data Availability 

All data are from 2010, reported monthly with sources summarized in Table 2.1. Wet deposition 

measurements (NO3
-, NH4

+, and SO4
2-) from the US’s National Trends Network (NTN) and 

Atmospheric Integrated Research Monitoring Network (AIRMoN) are available through the 

National Atmospheric Deposition Program (NADP (NADP, 2021), 

http://nadp.slh.wisc.edu/NTN/). Measurements were filtered for completeness and quality, 

following Schwede and Lear ( 2014). Sites without a full year of measurements or with quality 

tags indicating collection issues were not included, resulting in 247 observations in the US. Dry 

deposition generated values are available from the Clean Air Status and Trends Network 

(CASTNET(US EPA, 2015a) at 84 locations. CASTNET uses an inferential method to calculate 

dry deposition fluxes as a product of surface concentration and modeled dry deposition velocity. 

Nitrogen and sulfur wet deposition measurements and dry deposition estimates throughout 

Canada are recorded by the Canadian Air and Precipitation Monitoring Network (CAPMoN 

(Environment and Climate Change Canada, 2017) and are available through the National 

Atmospheric Chemistry (NAtChem) database (https://donnees.ec.gc.ca/data/air/monitor/).  

 

Table 2.1 Sources of deposition observations 

Name Source Number of 

Observation Sites 

Region Value  

NTN, AIRMoN NADP 247 USA wet deposition  

CASTNET NADP 84 USA dry deposition  

CAPMoN NAtChem 27 Canada wet and dry 

deposition 

 

EMEP EMEP 86 Europe wet deposition  

China Scientific 

Study 

Li et al. 

2019 

407 China wet deposition  

EANET EANET 47 East Asia wet and dry 

deposition 

 

IDAF INDAAF 1 Niger wet deposition  

http://nadp.slh.wisc.edu/NTN/
https://donnees.ec.gc.ca/data/air/monitor/
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Dry deposition estimates from CAPMoN are calculated by multiplying atmospheric 

concentration and deposition velocity. There were 27 sites with a full year of quality checked 

data for 2010. 

The European Monitoring and Evaluation Programme (EMEP (EMEP, 2021; Tørseth et al., 

2012), http://ebas-data.nilu.no/) provides records of precipitation chemistry (NO3
-, NH4

+, and 

SO4
2-) and precipitation depths for Europe. There were 86 sites with a full year of quality 

checked data in 2010. 

In China, a multi-year nationwide field study, including some of these NNDMN data, was 

compiled by Li et al. ( 2019). Daily NO3
-, NH4

+, and SO4
2- site measurements (in mg/L) were 

averaged for 2010 for each of the 407 site locations with complete records by multiplying the 

concentration by the precipitation recorded at that same site (in mm) and then aggregating to 

produce annual precipitation-weighted deposition (Sirois, 1990). For a wider Asian region, 

EANET (Asia Center for Air Pollution Research, 2021, https://www.eanet.asia/) wet and dry 

deposition and precipitation data are available at 47 sites. 

The International Global Atmospheric Chemistry (IGAC) Deposition of Biogeochemically 

Important Trace Species (DEBITS) Africa (IDAF) program (Adon et al., 2010; Galy-Lacaux et 

al., 2014) has NH4
+ and NO3

- precipitation concentrations on the International Network to Study 

Deposition and Atmospheric Chemistry in Africa (INDAAF (Institut National des Sciences de 

l’Univers, 2021)) website (https://indaaf.obs-mip.fr/) for one site in Niger. All measurements 

were converted to mg-N (or S) /m2/yr. 

2.3 Measurement Model Fusion Procedure 

Global yearly wet and dry NO3
-, NH4

+, and SO4
2- deposition observations (for wet deposition) or 

estimates derived from near-surface concentrations and modelled deposition velocities for dry 

deposition) were combined with the respective HTAP II model average grid cell estimates, using 

model output interpolated to common 1 degree x 1 degree (1⁰ x 1⁰) grid cells (Figure 2.1). For 

example, wet NO3
- deposition observations are combined with the wet NO3

- modeled deposition 

in the nearest HTAP II MMM grid cell to the observation, where observations exist. Dry 

deposition values (NO3
-, NH4

+, and SO4
2-) from CASTNET and an inverse-distance weighted 1⁰ 

x 1⁰ gridded dataset was created based on the distance from each observation to the center of the 

nearest HTAP II model grid cell. Inverse-distance weighting (IDW) was selected as the most  

http://ebas-data.nilu.no/
https://www.eanet.asia/T
https://indaaf.obs-mip.fr/
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Figure 2.1 A flowchart describes the MMF methodology implemented in this paper. 
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straight forward to implement method to introduce MMF on a global scale while remaining 

consistent with previous work (D. B. Schwede & Lear, 2014).  

The weighting function was calculated as  

(1 −
𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒

𝑚𝑎𝑥 𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒
)
2

       (1) 

following Schwede and Lear’s (D. B. Schwede & Lear, 2014) approach for the TDep product, 

where “distance” is the distance between the site location and the center of the HTAP II model 

grid cell nearest to that sampling site location, within a maximum distance of 2.5⁰ 

(approximately 280 km at middle latitudes). The choice of the maximum distance is a crucial 

parameter for the inverse distance weighting method in MMF. Prior analysis (e.g. Tan et al. 

2018b) has shown that gaseous and particulate sulfur and nitrogen emissions can travel several 

hundreds of kilometers, before being deposited, although there is likely to be a large variation of 

transport distances due to regional differences in chemistry, meteorological conditions, transport 

patterns and removal processes. These processes interact with spatially heterogeneous emissions. 

Since there will not be a single distance that captures the heterogeneity of all processes at play, 

we present here a base case using a 2.5⁰ interpolation distance, and two sensitivity cases reducing 

the distance to 1⁰ and increasing it to 5⁰, respectively. The 5⁰ distance can be seen as an upper 

limit for the distance where deposition observations can constrain deposition.  The output values 

of the weighting function at each observation location are then multiplied by the observed 

deposition. For the center of every HTAP II model grid cell near that site, the modeled 

deposition is multiplied by 1 minus the value of the weighting function. Consequently, if there 

are no observations near the model grid cells, the cell value remains the same. The two grid 

values ([weighting function times observed deposition] and [1-weighting function times modeled 

deposition]) are added together to give the value of the MMF estimate. This has the effect of 

modifying the HTAP II grid values only in locations where there are observations within the 

maximum interpolation distance. 

The MMF gridded surfaces were then summed by species along with the remaining unchanged 

HTAP II gridded surfaces that lacked in-situ measurements to create total N and S deposition 

gridded surfaces (e.g., the MMF wet and dry SO4
2- gridded surfaces were added to the HTAP II 

wet and dry SO2 gridded surfaces to get total S deposition). The MMF wet deposition surfaces 

include measurements from Europe, Asia, and North America, and the dry deposition MMF 

surfaces include estimates from the USA and Asia (see section 2) 
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2.4 Results 

The total global NHx deposition in 2010 increased from 54.0 Tg-N (from HTAP II models) to 

54.9 Tg-N (Table 2.2). Combined with a NOy deposition of 59.6 Tg-N (from a modeled HTAP 

II 59.3 Tg-N), the total global deposition is adjusted to 114.5Tg-N (from 113 Tg-N), an increase 

by 1 %. While the IDW tends to decrease the depositions over the continents, an increase is 

calculated over coastal regions and open oceans using the 2.5x2.5 maximum distance. Total S 

deposition is adjusted to 88.91 Tg-S (Table 2.2), an increase by 6.5 % from the HTAP II model 

prediction of 83.5 Tg-S (Figure 2.2B). Regional changes greater than or equal to 10% are bolded 

and italicized.  

Tan et al. (2018) report that their MMM underestimates the high observations of total N 

deposition at some EMEP stations in Europe. We find that the 2.5⁰ interpolation value for 

European wet N deposition (8.0 Tg) is increased by 12.5% relative to the MMM surface (7.1 

Tg), although the distance to the observations remains high (Figure 2.3). Figures 2.4, S2.4 and 

S2.5 show the difference between HTAP-II MMM and MMF nitrogen and sulfur deposition in 

North America, Europe, and Asia in mg/m2 with different interpolation distances. As the 

interpolation distance increases, locations with a single measurement that is very different from 

the model will  influence the surrounding grid cells to be higher than the model. This effect is in 

particular pronounced for sulfur deposition in Southeast Asia (Figure 2.4 B3) where the MMF 

procedure increases deposition by up to 250 mg/m2 relative to the MMM values.  

The spatial distribution is slightly different, with more deposition in coastal areas in the MMF 

estimate (Table 2.2). Tan et al. ( 2018) report that the HTAP II MMM overestimates NO3
- wet 

deposition in North America, but underestimates NH4
+ deposition. We find that the MMF 

interpolated deposition slightly improves these estimates, although the spatial distribution is very 

similar with the MMM (Figures 2.2, 2.5). The largest change for S deposition (comparing 

MMM and MMF) is in grid cells classified as ocean because of an increase in East and Southeast 

Asia deposition which mostly occurs in areas classified as ocean due to the small island size 

relative to the coarse spatial resolution of the models. We note that, ocean cells were classified as 

such if they were located further than 1⁰ from the mainland; therefore, any islands smaller than 1⁰ 

were counted as the ocean.  
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Table 2.2 2010 adjusted global wet and dry deposition in Tg N or Tg S. MMM indicates Tan et 

al.’s 2018 multi-model mean and MMF is this measurement-model fusion work with a 2.5⁰ 

interpolation distance. The 1⁰ and 5⁰ interpolation distance results are shown in Tables S2.1 and 

S2.2. Coastal means deposition on sea within 1 degree of the coastline. RBU is an abbreviation 

for Russia, Belarus, and Ukraine. Open ocean does not include near-land “coastal” waters. The 

regions can be seen in the world map in Figure S2.1. Regional changes greater than or equal to 

10% are bolded and italicized.  

 

MMM MMF MMM MMF MMM MMF MMM MMF MMM MMF MMM MMF

Region

North America 3.40 3.66 0.40 0.31 4.40 4.50 0.80 0.94 4.70 5.67 1.30 1.69

Europe 2.50 2.68 0.80 1.14 2.60 2.42 1.20 1.75 2.70 2.50 1.50 3.18

South Asia 8.60 8.60 1.00 1.00 3.60 3.60 0.70 0.70 3.70 3.70 1.00 1.00

East Asia 6.70 6.49 1.00 1.04 8.30 6.90 2.20 2.45 11.20 11.89 2.90 4.10

Southeast Asia 3.20 2.22 1.60 2.12 1.90 1.60 1.40 1.44 2.40 0.81 2.80 0.56

Australia 0.40 0.40 0.40 0.40 0.60 0.60 0.40 0.40 1.00 1.00 1.50 1.50

North Africa 0.70 0.70 0.20 0.20 1.40 1.40 0.40 0.40 1.00 1.00 0.50 0.50

Sub-Saharan Africa 3.40 3.40 0.40 0.40 4.70 4.70 0.60 0.60 2.70 2.70 0.70 0.70

Middle East 0.50 0.38 0.10 0.10 1.40 1.31 0.30 0.30 1.70 3.18 0.60 0.60

Central America 1.40 1.40 0.60 0.60 1.20 1.20 0.80 0.80 1.40 1.40 1.40 1.40

South America 3.80 3.80 0.30 0.30 3.40 3.40 0.30 0.30 2.40 2.40 0.60 0.60

RBU 1.80 1.18 0.30 0.08 2.40 1.36 0.50 0.47 3.60 5.10 0.90 1.17

Central Asia 0.50 0.32 0.00 0.00 0.60 0.55 0.00 0.00 1.20 1.88 0.10 0.10

Antarctica 0.10 0.10 0.00 0.00 0.10 0.10 0.00 0.00 1.40 1.40 0.00 0.00

Continental 37.00 35.33 7.10 7.69 36.70 33.64 9.70 10.55 41.00 44.63 15.60 17.10

Open Oceans 9.90 11.86 12.90 15.43 26.90 27.18

Global 46.90 47.19 7.10 7.69 49.60 49.07 9.70 10.55 67.90 71.81 15.60 17.10

Non-Coastal Coastal Non-Coastal Coastal Non-Coastal Coastal
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Figure 2.2 Total N and S deposition in 2010 using the MMF approach. A) Total annual N 

deposition (mg N/m2), the sum of wet and dry NO3- and NH4+ after applying the MMF 

approach, as well as HTAP II gridded surfaces of dry deposition of NH3, HNO3, and NO2 with 

no MMF 
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Figure 2.3 A comparison between HTAP II, MMF, and EMEP wet deposition fluxes in Europe 

results at EMEP observation sites. A boxplot shows the distribution of EMEP, HTAP II, and 

MMF modeled wet reactive nitrogen deposition (NHx and NOy) results at each EMEP 

observation sites. A boxplot shows the distribution of EMEP, HTAP II, and MMF modeled wet 

reactive nitrogen deposition (NHx and NOy) results at each EMEP observation location. Three 

different interpolation distances are compared using MMF, 1 degree, 2.5 degrees, and 5 degrees. 
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Figure 2.4 The difference between MMF and MMM deposition with a 2.5-degree interpolation 

distance. A) MMF minus MMM reactive nitrogen deposition in North America (A1) Europe 

(A2) and East Asia (A3) in mg N/m2. B) MMF minus MMM sulfate deposition in North 

America (B1) Europe (B2) and East Asia (B3) in mg S/m2. Results for other interpolation 

distances are shown in Figures S11 and S12, respectively. 

 

 

 
Figure 2.5 2010 Total N deposition in the continental USA A) Total N is modeled with 1) MMF 

(this work), 2) TDep annual map available from the NADP and 3) Tan et al.’s 2018 MMM. B) 

2010 𝑆𝑂𝑥 wet deposition in the US as modeled with 1) MMF (this work), 2) TDep annual map 

available from the NADP, and 3) Tan et al.’s 2018 multi-model mean HTAP II output.  
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There are spatial differences between an aggregated 1⁰ x 1⁰  version of the original TDep map of 

nitrogen deposition for the United States as available from the NADP (Figure 2.5 A2), the 

HTAP II (Figure 2.5 A3) deposition produced by Tan et al. ( 2018) corresponding to the same 

area, and the deposition map produced in this work (Figure 2.5 A1). A similar pattern is seen in 

the map of SO4
2- deposition (Figure 2.5 B1; 2.5 B3; 2.5 B3). While the TDep maps have been 

aggregated to the 1x1 degree resolution of the HTAP fields, there is still different regional 

variation in the deposition patterns in the TDep maps than the HTAP II maps. In particular, 

TDep is capturing higher west coast values that HTAP II does not while showing lower values in 

the Midwest/New York/Pennsylvania region. 

The R2 value for the linear regression between MMF wet SO4
2- and observed wet SO4

2- in the US 

is 0.64 (Figure 2.6). The R2 value for the linear regression between the HTAP II wet SO4
2-

 and 

observed SO4
2- is 0.0.60, and 0.89 for the linear regression between the TDep wet SO4

2-
 and 

observed SO4
2- (Figure 2.6). This means that TDep is better reproducing the NADP/NTN 

measurements and their spatial differences, whereas the MMF fields remain more similar to the 

HTAP II ensemble model output. The higher TDep R2 value likely occurs because of the finer 

mesh (12 km) used in the TDep product, the closer proximity to individual stations as compared 

to HTAP II used in the MMF approach, and the ability of the regional model to capture 

gradients. In principle, emissions should be the same but in global models they are averaged over 

larger areas. All three datasets produce similar values to the measured wet SOx deposition at the 

NADP/NTN sites (Figure 2.6). The NH4 and NO3 wet deposition values are shown in Figures 

S2.2 and S3, and have much lower correlations (for all three interpolation distances), with an R2 

of 0.1 for NO3 and 0.53 for NH4 at a 2.5⁰ weighted distance. 

2.5 Consistency of MMF deposition with global emission estimates. 

Geddes et al. ( 2017) used satellite observations to report global NOy emissions of 57.5 Tg-N/yr 

in 2010, similar to the 60.4 Tg-N emissions reported by HTAP II. This matches well with the 

total global MMF-derived NOy deposition (58.1 Tg-N). HTAP II ammonia emissions were 59.3 

Tg-N, slightly lower than the MMF NH3 and NH4+ deposition of 62.3 Tg-N. The total MMM 

sulfur emissions for 2010 were 90.7 Tg S, very similar to the MMF sulfur deposition of 88.9 Tg-

N.  
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Figure 2.6 Observed and modeled wet SO4

2- deposition in the US in 2010. Each NADP/NTN wet 

deposition measurement and the associated HTAP II, TDep, or MMF 𝑁𝐻𝑥 wet deposition 

modeled value, with all values shown together in A. The black line is the 1:1 line. Similar plots 

are shown in Figures S2.2 and S2.3 for wet NO3 and wet NH4. 
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2.6 Deposition over China. 

A promising data set of wet deposition measurements (NO3
-, NH4

+, and SO4
2-) in China is 

available through the National Nitrogen Deposition Monitoring Network (NNDMN (Wen Xu et 

al., 2019)). It is comparable to other regional measurements (Wen et al., 2020). However, these 

data only exist for a fraction of 2010 (from September onwards) for a few sites; rather than use 

partial data to represent an entire year, these sites were not included in this study. Research in 

China (L. Liu et al., 2020) analyzed the spatial pattern of N deposition by combining satellite -

observations with NNDMN deposition measurements (Wen Xu et al., 2019); they found a 2012 

average of 18.21 kg N ha-1 for China? Additional work combining the GEOS-Chem 

(http://acmg.seas.harvard.edu/geos/) model with satellite observations and surface measurements 

reports the average annual deposition from 2008-2012 as 16.4 Tg-N with 10.2 Tg-N from NHx 

and 6.2 Tg-N from NOy (Zhao et al., 2017). The averages reported by these studies are consistent 

with this study (16.9 kg ha−1 yr−1) despite the difference in year and spatial resolution. The 

spatial pattern of N deposition in 2010 (Figure 2.2A) also remains similar to that of previous 

decades (Jia et al., 2014), with high deposition in eastern China and low deposition over the 

Tibetan Plateau. This pattern is confirmed in 2006 and 2013 (Qu et al., 2017).  

2.7 Limitations of interpolation  

As seen in Table 2.2, the largest difference between MMM and MMF is found in coastal regions 

and particularly the open ocean. While MMF does give improved deposition estimates by 

incorporating in-situ measurements, it is worth considering the scale of the model. Observations 

of deposition are probably not everywhere representative for a 1⁰ or larger resolution and 

observations of precipitation may also not be homogenous in all directions at that scale, 

especially over  heterogeneous terrain. So, for example, the coarse resolution of the model, even 

with added measurements is likely not accurately capturing gradients between coastal and inland 

deposition. While higher resolution precipitation values are available in some regions (e.g., 

PRISM in the US), there is still a dearth of both wet and dry deposition measurements. Even on 

the North American continental scale, Schwede et al. (2011) showed that partially overlapping 

dry deposition estimates from CASTNET (USA) and CAPMoN (Canada)can be very different, 

despite using similar methodologies. This adds uncertainty to the dry deposition data (though 

there are very few dry deposition estimates included in this study) and emphasizes the 

importance of understanding deposition velocity model methodology.  

http://acmg.seas.harvard.edu/geos/
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The differences between the TDep, MMM, and MMF gridded deposition (Figure 2.5) are clearly 

visible in the center of the US. While the general patterns of deposition are similar for the three 

products, the magnitude of deposition in the aggregated TDep dataset (1⁰ x 1⁰) is higher in the 

eastern US and lower in the western US than either of the other two deposition fields. This 

difference is likely due to the precipitation dataset used to calculate wet deposition. The MMF 

deposition is based on the MMM dataset; therefore, both utilize the same precipitation dataset, 

from a combination of 11 global models. However, TDep wet deposition is produced by 

multiplying PRISM precipitation data and an interpolated gridded surface dataset of wet NH4
+ 

concentrations. PRISM is a reanalysis product designed to interpolate precipitation in 

particularly complex landscapes using weather radar and rainfall gauge observations, though it is 

not identical to observations because it used long-term averages as predictor grids (M. Zhang et 

al., 2018). It captures much more localized variation in precipitation due to geographical 

variations which are not captured in the lower resolution global precipitation models used in the 

HTAP II MMM (J. Tan et al., 2018). To illustrate this, we compare PRISM to the available 

Community Atmosphere Model with Chemistry (https://www2.acom.ucar.edu/gcm/cam-chem, 

“CAM-Chem”), which was one of the models in the HTAP II ensemble. Subtracting the CAM-

Chem precipitation output over the US from aggregated PRISM precipitation shows that CAM-

Chem greatly underestimates precipitation volume in the US in 2010 (Figure S2.6). We note, 

however, that this comparison does not take differences in precipitation frequency between the 

model and observations into account. This matters because if the difference in precipitation 

volume comes from a few large magnitude storms, it will not influence the overall wet 

deposition values much. This is a good example of the differences that occur when comparing 

global and regional climate models and serves to emphasize the importance of resolving spatial 

and temporal scales. The total deposition within the US borders is similar for the MMF, HTAP 

II, and aggregated TDep gridded surfaces; however, the spatial distribution is different.  

MMF and MMM deposition distributions are similar because MMF is based on HTAP II. 

Likewise, the MMF results are similar to the TDep values at observation locations because, 

despite the difference in precipitation, both utilize the same NADP/NTN measurements to 

constrain the models. The key difference between MMF, when compared to MMM, is that 

measurement locations are not centered in each 1⁰ x 1⁰ grid cell; therefore, the center of each grid 

cell (the value compared to the observation, by interpolation to the station location) will not 

https://www2.acom.ucar.edu/gcm/cam-chem
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exactly equal the measured deposition but will instead be equal to the measurements weighted 

proportionally to distance from the centroid. This means that the graphical comparison of Figure 

2.6 is showing the actual measurement locations and 3 different model results with some 

meaningful influence from measurements that are nonetheless unique values, except in the very 

rare instance that the measurement corresponds exactly to the center of a grid cell. Figure 2.6 

shows a stronger correlation for SO4
2- than Figures S2.2 and S2.3 do for the nitrogen species. 

This could be related to the relatively shorter timescales of NOy and NHx in the atmosphere. The 

relatively coarse resolution of the global models cannot deal with these gradients, so the shorter 

timescales are reflected in the observations which are therefore less representative for the larger 

grid scales of the models.  

TDep maps of North American nitrogen deposition created with Schwede and Lear’s 

methodology (2014), using IDW, are widely in use and freely available from the NADP. The 

sensitivity analysis demonstrates that as the interpolation distance increases, the influence of the 

observations on the HTAP II grid increases, smoothing some of the artifacts that can occur using 

a small interpolation distance (Figures 2.6, S2.2, S2.3). In this respect it is worth mentioning that 

the original TDep dataset for North America used a maximum distance of 30 km plus half the 

cell size of PRISM (2.07 km). While it is not entirely clear how this distance was determined, 

operational factors such as the station density and the grid size of the regional model are likely 

important factors. In contrast, the maximum distances explored in this study are much larger (1⁰, 

2.5⁰, 5⁰) and are more adapted to the grid size of the current generation of global atmospheric 

chemistry transport models, and considerations of transport distances of atmospheric 

components. From my analysis there is no obvious better weighting distance that improves the 

comparison with observations. An adaptive distance weighting that considers the expected 

gradients between the observation point and the remote model grid could be explored as a way 

forward. 

 However, there are strong limitations associated with using IDW (Sahu et al., 2010), and other 

interpolation methods such as kriging or geographically weighted regression could provide 

smoother surfaces with fewer artifacts. IDW makes the assumption that the observations are 

unbiased and so it forces an exact fit of the mapped surface to the observations. This is unlikely 

to be true due to measurement errors so IDW is instead imposing the biases and noise from the 

measurements onto the mapped output. Other approaches do not make the same assumption and 
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can therefore avoid these artifacts. IDW is a fast and flexible interpolation method, but it does 

not minimize error and can produce inaccurate results in regions with sparse measurements and 

large sub-grid variability. This problem is relevant to much of the world. The lack of 

measurement sites globally is a hindrance that can be alleviated by including information 

obtained from satellite remote sensing (Walker et al., 2019). Future work should also investigate 

methods such as kriging or various machine learning techniques with spatial information to 

avoid these limitations.  

These results from measurement-model fusion are important because previous methods on a 

global scale have relied primarily on models (J. Tan et al., 2018; Vet et al., 2014). They compare 

their results with measurements, of course, in order to demonstrate the model capabilities but 

they do not explicitly incorporate point measurements into the final product. My results serve to 

emphasize that global models are adequately simulating deposition (in terms of total deposition 

budgets) but that the regional discrepancies between models and measurements can still be quite 

large; and measurement-model fusion helps to ameliorate this without changing the fundamental 

model parameters and processes that actually capture the overall deposition reasonably well.  

2.8 Conclusions 

Sulfur and nitrogen deposition remain a serious concern for human and ecosystem health. We 

update the 2010 deposition budgets using measurement-model fusion to combine the broad 

spatial coverage of a model with accurate in-situ measurements. The total nitrogen deposition 

budget is recalculated to 114.50 Tg-N and the sulfur budget is recalculated to 88.91 Tg-N, 

representing about a 1% and 6.5% increase, respectively, from the modelled values. This work 

emphasizes the necessity of combining models with observations wherever possible, to better 

capture regional patterns and to inform policy and decision-making. Future work to improve 

measurement-model fusion should investigate more advanced MMF methods to avoid the 

limitations associated with IDW such as surface artifacts and high error in regions with sparse 

measurements. It could also incorporate satellite remote sensing derived concentrations to 

improve model estimates where in-situ measurements are not available, but a careful error 

analysis is needed to avoid spurious results. 
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Chapter 3 Improving Estimates of Wet Deposition in the U.S. with Measurement-Model Fusion 

and Machine Learning  

3.1 Introduction 

Atmospheric reactive nitrogen (N) deposition from human activities such as industry and 

agriculture have significant implications for ecosystem and human health (Bobbink et al., 2010). 

Elevated levels of nitrogen and sulfur deposition can lead to a range of negative consequences 

such as eutrophication (Anderson et al., 2008; Heisler et al., 2008), changes in carbon 

sequestration (Kicklighter et al., 2019; de Vries et al., 2009; Zhu et al., 2020), loss of 

biodiversity (C. M. Clark et al., 2013; Dise & Stevens, 2005), and soil acidification (Bowman et 

al., 2008). These impacts on human and ecosystem health are directly tied to many of the United 

Nations (UN)’s Sustainable Development Goals (SDGs)(Elder & Zusman, 2016; World 

Meteorological Organization, 2021): reaching zero hunger (SDG 1) by increasing production 

yields, reducing premature mortality from poor air quality (SDG 3), providing clean water by 

reducing pollutants (SDG 6), managing aquatic resources and reducing acidification (SDG 14), 

and preserving terrestrial biodiversity (SDG 15) (World Meteorological Organization, 2021).  

The World Meteorological Organization (WMO) aims to meet the United Nation’s 2030 Agenda 

for Sustainable Development by coordinating global climate science initiatives. In order for the 

WMO and individual communities to make informed decisions regarding sustainability, high-

quality regional maps of deposition and an effective methodology for ongoing monitoring are 

necessary. That does not exist in much of the world due to the lack of long-term measurements.   

While measurement-model fusion can help to improve model estimates of deposition (Rubin et 

al., 2023), much of the world does not have consistent, long-term measurements from monitoring 

networks available to fuse with model outputs. The addition of satellite data can help expand 

coverage even as it introduces more complexity (Geddes & Martin, 2017). Because satellites 

measure the total column density of the portion of the Earth they observe, it is necessary to have 

some method of inferring deposition at the surface level from the entire column. Recent efforts to 

estimate wet sulfur deposition from OMI SO2 columns combined monthly precipitation, in situ 

deposition measurements and a statistical model of the scavenging ratio by geographic region (L. 

Liu et al., 2021). This straightforward approach emphasizes the importance of both precipitation 

and seasonality in calculating wet deposition but is perhaps too narrowly focused to be 

immediately applicable to other study regions. Another approach with satellite-based wet NH4
+ 
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deposition estimates in China used GEOS-Chem, a 3-D chemistry transport model to calculate 

the ratio between atmospheric concentration and wet deposition (X. Y. Zhang et al., 2018). This 

method, however, results in coarse-resolution output - 2° by 2.5° - which does not improve upon 

the HTAP II horizontal resolution. Instead, we follow an approach adapted from research on 

estimating PM2.5 concentrations with satellite-based aerosol optical depth (AOD) in China (Chen 

et al., 2018; Guan et al., 2023; Wei et al., 2019). The space-time random forest model explicitly 

incorporates spatial and temporal information to improve model performance and leverage the 

broad spatial coverage of satellite measurements without explicitly needing to develop a 

statistical relationship between column density and ground-level concentration.  

With the eventual goal of improving global coverage, we combine satellite-based measurements 

of NO2 and NH3 total column values with ground-based measurements and model estimates of 

wet NO3
- and wet NH4

+ deposition. We use a space-time random forest to estimate deposition 

across the entire CONUS, an area that is well-studied with enough ground-based measurements 

available to assess performance.  

3.2 Methods 

My approach uses measurements from the Ozone Measuring Instrument (OMI) onboard the Aura 

satellite to map wet NO3
− deposition. OMI is a nadir-viewing spectrometer onboard NASA’s Aura 

Satellite. It was launched in 2004 and has a 16-day repeat cycle in a sun-synchronous orbit. OMI 

provides NO2 total column values with a 13 km x 24 km spatial resolution. Monthly level 3 NO2 

total column density measurements from OMI were retrieved for 2010. OMI is a nadir-oriented 

ultraviolet-visible spectrometer onboard the Aura satellite which was launched in 2004 (Levelt et 

al., 2006). Column density is calculated via a principal component analysis algorithm from the 

National Aeronautics and Space Administration (NASA) (C. Li et al., 2013). Total column 

density values are in Dobson units (DUs, /km2 1 DU = 2.69 × 1026 molecules).  

I also use measurements from the Infrared Atmospheric Sounding Interferometer (IASI) to map 

wet NH4
+

 deposition. IASI is a Fourier Transform Spectrometer onboard the MetOP-A, -B, and -

C satellites. MetOP-A was launched in 2006. The IASI swath width is 48.3°, corresponding to 2 

x 1100 km on the ground. IASI provides near-global coverage twice a day. Monthly daytime 

NH3 columns from IASI are available from the AERIS IASI portal (https://iasi.aeris-data.fr/). It 

is a level 3 product, converted from a calculation of the hyperspectral range index (HRI) with a 

neural network (Clarisse et al., 2018; Whitburn et al., 2016).  

https://iasi.aeris-data.fr/
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Global monthly precipitation for 2010 is available from the Tropical Rainfall Measuring Mission 

(TRMM) Precipitation Radar, a satellite that operated from 1997 to  2015 (NASA, 2011) in a 

low inclination orbit from 40N to 40S latitude. A 0.25⁰ x 0.25⁰ grid of average 2010 precipitation 

in mm was downloaded from the National Aeronautics and Space Administration (NASA)’s 

EarthData portal.  

Total cloud cover is available as the National Centers for Environmental Prediction – 

Department of Energy Atmospheric Model Intercomparison Project version II (NCEP-DOE 

AMIP-II) reanalysis (Kanamitsu et al., 2002).  Monthly cloud cover is estimated at 2.5° 

resolution from 1979 to 2024. 

Land cover is from the North American Land Change Monitoring System (NALCMS, 

https://www.mrlc.gov/data/north-american-land-change-monitoring-system), a collaborative 

initiative between the USGS, Natural Resources Canada (NRCan), the National Institute of 

Statistics and Geography (INEGI), the National Commission for the Knowledge and Use of 

Biodiversity, and the National Forestry Commission. NALCMS provides 30m land cover 

products from 2005 onwards with 19 different classifications.  

Monthly averaged NH4
+ and NO3

- wet deposition measurements are available from the National 

Atmospheric Deposition Program (NADP)’s National Trend Network (NTN). Measurements 

were filtered for completeness, resulting in 1692 observations from 200 sites. 

Random forest models, as described in Breiman’s work are widely used in remote sensing 

studies (Belgiu & Drăguţ, 2016; B. Guo et al., 2021; Rubin et al., 2021). The model builds 

independent decision trees with a goal of minimizing bias by selecting samples with replacement 

and then takes the average of probabilities from each tree to classify a new sample (Breiman, 

2001). We used the randomForest package in R (R Core Team, 2022) to train a random forest on 

a randomly selected 60% of the data, leaving the remaining 40% for validation. We explicitly 

included space-time information, following the approach describe by Guam et al. (Guan et al., 

2023). 

I also constructed maps of NO3
- and NH4

+ using inverse-distance weighting (IDW) based only on 

NTN measurements for the CONUS. Currently, the NADP only has publicly available annual 

maps but the monthly measurements are available so for a more meaningful comparison I 

constructed monthly maps using a similar though more basic methodology to the NADP’s 

approach (D. B. Schwede & Lear, 2014). IDW has known issues, such as creating artifacts and 
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not performing well in regions with large amounts of variability (Rubin et al., 2023), but it 

enables us to compare my results at a more meaningful timescale.  

3.3 NO3
- Deposition 

Figure 3.1 shows the performance of the space-time random forest (STRF) with a training 

dataset (60% split) and validation dataset (40% split). The mean absolute error (MAE) for the 

validation data is 0.08 kg/ha and the root mean square error (RMSE) is 0.14 kg/ha. While the 

STRF does struggle to accurately predict higher measurements of NO3
-, it performs well at the 

lower end of the range where most of the measurements are concentrated.  Applying the STRF 

algorithm to the CONUS to essentially downscale the HTAP II estimates of wet NO3
- deposition 

results in a 0.1° resolution gridded map for the CONUS for each month of 2010, shown in 

Figure 3.2. Deposition is highest in the Midwest during the winter and early spring (~ 3 mg/ha) 

and then declines throughout the summer and fall, although there remain some hotspots in the 

Southwest in July and August (~2 mg/ha). The spatial pattern of high concentrations in the 

Midwest and particularly low concentrations on the west coast match the NADP’s map of wet 

nitrate deposition for 2010. This can be seen in Figure 3.3, which shows the difference between 

my map of NO3
- and the NADP’s data, mapped with IDW. In January and February, my 

deposition estimates are lower than the NADP’s data by 1 mg/ha in the Midwest and higher by 1 

mg/ha in the Ohio Valley region. My map overestimates wet NO3
- deposition in northeastern 

Montana in April by 3 mg/ha but tends to underestimate by less than 1 mg/ha for the rest of the 

country.  

3.4 NH4
+ Deposition  

Figure 3.4 shows the performance of the space-time random forest (STRF) with a training 

dataset (60% split) and validation dataset (40% split) for NH4
+ wet deposition. The mean 

absolute error (MAE) for the validation data is 0.03 kg/ha and the root mean square error 

(RMSE) is 0.06 kg/ha. Applying the STRF algorithm to the CONUS to essentially downscale the 

HTAP II estimates of wet NH4
+deposition results in a 0.1° resolution gridded map for the 

CONUS for each month of 2010, shown in Figure 3.5. Deposition is highest in the Midwest 

during the spring (~ 1.5 mg/ha) and then declines throughout the summer and fall, although the 

spatial pattern remains consistent. The spatial pattern of high concentrations in the Midwest and 

particularly low concentrations in the West and Northeast match the NADP’s map of wet  
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Figure 3.1 The relationship between measured and predicted NO3- for the training (left, R2 = 

0.89) and testing (right, R2: 0.89) datasets. 
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Figure 3.2 Monthly wet NO3- deposition over the CONUS in 2010, as modeled from HTAP and 

OMI satellite data in mg/ha. 
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Figure 3.3 The difference in monthly wet NO3- deposition over the CONUS in 2010 between the 

RF model estimated wet deposition and an estimate from an IDW map of NADP’s NTN wet 

deposition measurements in mg/ha. 
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Figure 3.4 The relationship between measured and predicted NH4+ for the training (left, R2 = 

0.92) and testing (right, R2: 0.92) datasets. 
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Figure 3.5 Monthly wet NH4+ deposition over the CONUS in 2010, as modeled from HTAP and 

OMI satellite data in mg/ha. 
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Figure 3.6 The difference in monthly wet NH4+ deposition over the CONUS in 2010 between 

the RF model estimated wet deposition and an estimate from the NADP’s NTN wet deposition 

maps in mg/ha. Regional averages as estimated by the STRF are shown in Table 3.1.  
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ammonium deposition for 2010. This can be seen in Figure 3.6, which shows the difference 

between my map of NH4
+and the NADP’s data, mapped with IDW. For most of the CONUS for 

the majority of the year, the difference between my map of NH4
+ and the NADP’s IDW data is 

less than 1 mg/ha. However, in northeastern Montana in April, my maps overestimate deposition 

by 2 mg/ha.  

3.5 Discussion 

The most important variables for the STRF prediction are space, time, and elevation, which is 

also what Guan et al. (2023) found in their PM2.5 study with a space-time random forest model. 

While these variables should not be important in a mechanistic model of wet deposition and 

ideally, we would be able to predict deposition from satellite data without needing the date and 

location of the ground-based measurements, the model explicitly relies on them as a proxy for 

information that cannot easily be measured and therefore incorporated into the model. Some 

studies have shown that precipitation amounts increase with elevation in mountainous regions 

(Daly et al., 2008) while the concentration of solutes like NH4
+ and NO3

- decreases (Latysh & 

Wetherbee, 2012), resulting in no apparent linear relationship between the two (Clow et al., 

2015). However, the fact that the STRF does heavily depend on elevation means that there is a 

useful non-linear relationship between deposition and elevation.  

The STRF predicts slightly higher NO3- deposition than the NADP maps in much of the 

Southwest, by less than 1 kg/ha/month, but lower deposition elsewhere, particularly on the west 

coast (less than 1 kg/ha/month) and the northern Midwest (between 1 and 2 kg/ha/month). Some 

of these differences where NADP projects higher values are driven by a lack of OMI satellite 

data for those regions, such as North and South Dakota in January and February. These data gaps 

are due to a combination of cloud cover and other factors that mean the pixels do not pass quality 

assurance checks and cannot be used for analysis.  

Satellite data products inherently contain uncertainty because of interference from the 

atmosphere and the difficulty in separating the desired measurement from noise. Regions at  

higher elevations or with unusual surface conditions may have systematic errors in deposition 

measurements due to the principal component analysis retrieval method (Fioletov et al., 2016; 

Yan et al., 2016). Additionally, cloudiness is a concern. Particularly cloudy regions may only 

have a few observations available over the entire year for 2010, meaning the annual average is 
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biased by clear, sunny days and does not account for rainy days when wet deposition may be 

higher. This is called clear-sky bias (Geddes et al., 2012; Krotkov et al., 2016; McLinden et al., 

2014). We make an effort to correct for this bias by including cloud cover as a predictor variable 

in the STRF but we cannot simulate data that do not exist on particularly cloudy days, potentially 

leading to a small but systematic underestimation in some regions. For example, January 2010 is 

shown in Figure S3.1 and there are no OMI measurements over parts of the Upper Midwest and 

Rocky Mountains, so the original HTAP II grid is unchanged in those locations. This could be 

due to errors in the satellite processing other than cloudiness. For example, the systematic 

removal of negative values from the satellite columns during pre-processing yields a bias 

towards higher values. The negative values are an error and cannot be used since there is no way 

to interpret a negative average deposition over a particular region, but these negative values 

could potentially correspond to very low deposition values that are improperly processed.  

Another consideration is that IASI is known to be less reliable during temperature inversions and 

wintertime, though the reanalysis dataset that we use does have temperature corrections from the 

boundary layer to account for this issue. It is important to note that in situ measurements also 

have biases and while they are used as ground truth data here, they also include some 

uncertainty. For example, if a measurement is lower than the detection limit, it may be corrected 

to reflect the detection limit, rather than the actual measurement value which is unknown.  

Recent work using CMAQ to model NO3
- deposition found that the highest wet deposition from 

2002-2017 occurred in the Upper Midwest (7.83 kg/ha/yr), Ohio Valley (10.44 kg/ha/yr), and the 

Northeast (9.79 kg/ha/yr) (Benish et al., 2022). They also estimated wet NH4
+ deposition in the 

CONUS and found the highest values in the Ohio Valley (3.59 kg/ha/yr), the Upper Midwest 

(3.76 kg/ha/yr), and the South (2.74). These values are slightly lower than my estimates, 

particularly in the Upper Midwest (Table 3.1). This is likely due to the MMF procedure where 

grid cells that do not have corresponding satellite measurements instead are filled in by the 

original HTAP II model estimates. These locations are primarily in the Upper Midwest in the 

winter months. Other work modeling long-term trends of inorganic N with WRF-CMAQ also 

finds similar values to mine, although their ecoregion divisions do not correspond exactly to the 

same climate divisions (Y. Zhang et al., 2018).  

At the CONUS level, compared to the HTAP II estimate of wet NO3
- deposition for 2010 of 4.13 

kg/ha, the STRF estimate corrects the large underestimation to 8.89 kg/ha/yr, similar to the  
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Table 3.1 Regional wet deposition averages in kg/ha/yr for 2010, as estimated by the STRF. 

Region Wet NO3
- Wet NH4

+ 

Northeast 8.43 2.39 

Northwest 4.83 2.30 

Northern Rockies 8.40 4.37 

Southeast 7.83 2.33 

South 9.80 4.17 

Southwest 9.82 3.60 

Ohio Valley 11.56 4.13 

Upper Midwest 10.81 5.00 

West 7.15 3.38 

 

 

NTN-IDW estimate of 8.46 kg/ha/year. The STRF wet NH4
+ deposition estimate also corrects 

the large overestimation from the HTAP II grids from 13.61 kg/ha/yr to 3.67 kg/ha/yr, very 

similar to the NTN-IDW estimate of 3.21 kg/ha/yr for the CONUS.  

Still, the average values mask the large seasonal changes in wet deposition that correspond with 

agricultural cycles (L. Zhang et al., 2012). Agriculture accounts for the majority of both nitrous 

oxide and ammonia emissions in the US (US EPA, 2015b), which eventually become deposition. 

This means that the seasonal timing of deposition should follow immediately after soil 

management practices that increase emissions, such as fertilization. In the Midwest, this is 

typically early spring, which corresponds well with the peak of ammonium deposition (Figure 

3.5).  However, winter deposition peaks in the Midwest are primarily composed of NO3
-, which 

is likely due to the lack of crop demand for N, the large amount of precipitation and runoff, and 

subsequent high levels of nitrification on farm systems (Fenn et al., 2003). It could also be 

related to OMI retrieval errors over snow (O’Byrne et al., 2010).  

3.6 Conclusions 

The STRF is a promising new method of incorporating satellite data into existing models of wet 

deposition and expanding the regions with measurements available to correct the model. The 

seasonal patterns of wet N deposition in 2010 are well reproduced and my estimates are similar 

to those of prior studies that require intensive modeling and gridded datasets that are not 
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available for much of the world. My approach relies instead on machine learning to combine the 

global HTAP II model estimates with satellite data. These efforts demonstrate good performance 

over a wide, geographically diverse region and suggest that machine learning and satellite data 

have a critical role to play in improving global maps as well. 
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Chapter 4 Projected Global Sulfur Deposition with Climate Intervention  

4.1 Climate Intervention 

Anthropogenic climate change is the most pressing global challenge we face today and the 

widespread harmful impacts to humans and ecosystems are being felt worldwide (IPCC, 2022; 

Scheffers et al., 2016). While scientists have warned for decades that it is essential to decrease 

carbon dioxide (CO2) inputs to the atmosphere to mitigate climate change (d’Arge et al., 1982; 

Schultz & Kasting, 1997), current pledges to reduce emissions are not adequate to even maintain 

warming at two degrees Celsius above historical temperatures (Robiou du Pont & Meinshausen, 

2018; Tollefson, 2019). A variety of responses will therefore be needed to slow warming, in 

addition to reducing emissions and adapting to the future warmer climate. This may include 

climate intervention (National Research Council, 2015). Climate intervention approaches fall 

into one of two categories: removing CO2 from the atmosphere or modifying the way solar 

radiation is reflected by the atmosphere (Shepherd, 2012). While CO2 removal will likely be part 

of a portfolio of responses to climate change, it may not be enough due to the costs of scaling 

CO2 utilization (Hepburn et al., 2019). The most commonly researched method of altering the 

atmosphere’s radiative budget is stratospheric aerosol injection (SAI) (Crutzen, 2006; Lawrence 

et al., 2018; W. Smith & Henly, 2021) using aircraft-based delivery (Tracy et al., 2022).  

SAI is extremely controversial in part because it is a global intervention without clear policy 

frameworks or a governing body in charge of the decision to deploy, and in part because it calls 

into question both our duties and our rights towards the natural world and other humans. Studies 

disagree about the magnitude and impacts of disruptions to precipitation and temperature that it 

would cause (Brendan Clark et al., 2023; P. Irvine et al., 2019; P. J. Irvine & Keith, 2020; 

Kortetmäki & Oksanen, 2023). SAI is one of the only geoengineering options with the 

technological availability to feasibly deploy globally within a politically relevant timeframe 

(Britta Clark, 2023). SAI implementation costs are also relatively inexpensive compared to the 

cost of mitigating temperature warming to less than 1.5 degrees Celsius or the costs of 

unmitigated climate change (W. Smith & Wagner, 2018). Decreasing radiative forcing does not 

address the fundamental issue of the high concentration of greenhouse gases in the atmosphere, 

but it would allow more time for the world to reduce and stabilize emissions in the very near 

term. While it should not distract from the work of actually reducing emissions on a global scale 

or developing carbon removal technology, SAI remains a viable stopgap measure and ought to 
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be investigated thoroughly from a modeling perspective (Long & Shepherd, 2014; Y. Xu et al., 

2020).  

There is a growing body of scientific research on global temperature and  precipitation patterns 

that may be altered by SAI (P. Irvine et al., 2019; P. J. Irvine & Keith, 2020; Walker Lee et al., 

2020), similar to the way volcanic aerosols alter radiation (Gu et al., 2003), but other 

environmental variables are less well constrained. Sulfate deposition is of particular interest 

because sulfur dioxide (SO2) injected into the stratosphere will quickly produce sulfate aerosols. 

Atmospheric sulfur deposition is an important part of many biogeochemical cycles (Pye et al., 

2020; Tjiputra et al., 2016). However, when exceeding critical loads, sulfur can have harmful 

impacts on both human and ecosystem health. SAI takes place in the stratosphere, not the 

troposphere, but there are interactions between the two and the aerosol particles will settle to the 

surface within a few years (Visioni et al., 2020).  

One study comparing GEOS-Chem and ULAQ-CCM found that sulfur deposition will increase 

when sulfate geoengineering is deployed (Visioni et al., 2018). Currently, 125 Tg of SO2 is 

emitted into the atmosphere annually from anthropogenic sources, although this is trending down 

(Aas et al., 2019). To maintain the global temperature at 1.5⁰ C above the historical average with 

SAI, about 29 Tg of additional SO2 would be required annually by the end of the century, 

although this amount depends on injection strategy and deployment (Niemeier & Timmreck, 

2015; Visioni et al., 2021). The sulfur deposition would also be impacted by unmitigated climate 

change as increased greenhouse gases in the atmosphere react with the hydrological cycle (Tracy 

et al., 2022). It is important to determine where the sulfur deposition will end up and over what 

time frame both with and without SAI.  

The Climate Model Intercomparison Project Phase 6 (CMIP6) is organized by the World Climate 

Research Program (WCRP)’s Working Group of Coupled Modeling (WGCM) to coordinate 

climate model experiments worldwide, using common protocols, climate forcings, and output 

formats to provide future climate projections (Eyring et al., 2016). The newest iterations of the 

CMIP models are based on a possible climate outcome from a Representative Concentration 

Pathway (RCP) between 1.9 and 8.5 W/m2 of radiative forcing matched with a Shared 

Socioeconomic Pathway (SSP 1-5) (O’Neill et al., 2016). The SSPs describe the potential social 

development that might in the future occur based on factors like population size, education, 

energy demand, and other non-climate factors (Riahi et al., 2017). The Geoengineering Model 
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Intercomparison Project (GeoMIP, Figure S4.1) is a suite of climate model experiment designs 

built on CMIP6 simulations to address geoengineering as a response to climate change (B. 

Kravitz et al., 2015; Ben Kravitz et al., 2011). The G6sulfur scenario includes stratospheric 

sulfate aerosol injection to reduce net forcing from SSP5-8.5 to SSP2-4.5. SSP5 combined with 

RCP8.5 is often referred to as the “worst-case” climate scenario for our world, with 8.5 W/m2 of 

radiative forcing and socioeconomic conditions characterized by a reliance on fossil fuels for 

development. SSP2-4.5 is a moderate case climate scenario with 4.5 W/m2 radiative forcing and 

a middle-of-the-road approach without extreme social, economic, technological, or land use 

changes from historical patterns. We use the outputs of the three earth system models available 

from the CMIP6 archive for G6sulfur, SSP2-4.5, and SSP5-8.5 to investigate the long-term 

impacts of SAI on sulfur deposition.  

4.2 Methods and Data 

This study utilized the G6sulfur model outputs from the CMIP6 archive (available at https://esgf-

node.llnl.gov/projects/cmip6) to analyze sulfur deposition changes due to SAI under climate 

change. Since G6sulfur is designed to reduce net radiative forcing from SSP5-8.5 to SSP2-4.5 

(Visioni et al., 2021), we also retrieved model outputs from SSP5-8.5 and SSP2-4.5 for 

comparisons. Across the CMIP6 archive, only three models provide sulfur deposition-relevant 

variables—wet SO2, dry SO2, wet SO4
2-, dry SO4

2-, and precipitation flux—under the G6sulfur 

scenario (Table 4.1). Hence, we retrieved the outputs from these three models under SSP5-8.5 

and SSP2-4.5 for fair comparisons. Historical outputs during 1950–2014 were also retrieved for 

the same models to compare with the three future scenarios. None of the models explicitly 

incorporate bi-directional flux for sulfur. All three models include interactive stratospheric 

chemistry but only UKESM1-0-LL and CESM2-WACCM include interactive aerosol 

microphysical schemes while CNRM-ESM2-1 uses prescribed ozone fields (Séférian et al., 

2019; Simone Tilmes et al., 2022). UKESM1-0-LL and CESM2-WACCM include interactive 

aerosol microphysical models and inject SO2 at specific latitudes and CNRM-ESM2-1 uses an 

input dataset from the GeoMIP G4 Specified Stratospheric Aerosols (G4SSA) experiment to 

prescribe the aerosol distribution and optical properties such that the target temperature is 

reached (S. Tilmes et al., 2015). Despite this, we include CNRM-ESM2 deposition variables for 

comparison with the other two models.  

 

https://esgf-node.llnl.gov/projects/cmip6
https://esgf-node.llnl.gov/projects/cmip6
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Table 4.1 Summary of selected CMIP6 model outputs in this work. 

Earth System 

Models 

Horizontal Grid 

Resolution 

Climate Scenario 

  Historic

al 

SSP2-

4.5 

SSP5-

8.5 

G6sulfu

r 

CESM2-

WACCM 

192x288 r1p1i1f1 r1p1i1f

1 

r1p1i1f

1 

r1p1i1f

2 

CNRM-ESM2-

1 

128x256 r1p1i1f2 r1p1i1f

2 

r1p1i1f

2 

r1p1i1f

2 

UKESM1-0-LL 144x192 r1p1i1f2 r1p1i1f

2 

r1p1i1f

2 

r1p1i1f

2 

 

 

The 13 ecoregions were defined by clustering climate, soil, and topography types and fitting the 

categories to the International Geosphere-Biosphere Programme (IGBP) ecoregion definitions 

(Hargrove et al., 2006; Hargrove & Hoffman, 2004; Townshend, 1992), following Yang et al. 

(2020). All analysis was done with R (R Core Team 2022; available at https://www.r-

project.org/) and Climate Data Operators (CDO, Schulzweida, 2021; available at 

https://code.mpimet.mpg.de/projects/cdo). 

4.3 Results 

Historically, sulfur deposition peaked on a global scale in the 1980s (S. J. Smith et al., 2004). 

This peak can be seen in all three ESMs in Figure S4.2, which shows historical dry deposition 

and future estimated dry deposition for each ESM in Table 4.1. Dry S is projected to decline 

consistently from a peak of 4.33 × 10-12±1.39 kg/m2s through 2100 to 1.71±0.51 × 10-12 kg/m2s 

for all three G6sulfur models and to 1.41±0.28 × 10-12 kg/m2s under SSP2-4.5 and 1.47±0.32 × 

10-12 kg/m2s under SSP5-8.5 projections (Figure 4.1) because of declining anthropogenic 

emissions (I. Cheng et al., 2022; K. Zhou et al., 2021).  

4.4 Model Discrepancies 

Figure 4.2 shows the wet deposition trends by model under G6sulfur. The three models agree 

well enough on dry deposition trends to ensemble them together into a multi-model mean 

(Figure 4.1), but the models do not agree on wet deposition trends. UKEMS1-0-LL projects 

relatively consistent wet SO4
2-, around × 10-12 kg/m2s, lower than the historical peak of the1980s 

(7.55±0.06 × 10-12 kg/m2s). Wet SO2 deposition is projected to consistently decrease from 

1.23±0.17 × 10-12 kg/m2s to 9.36±0.11 × 10-13 kg/m2s by 2100 (Figure 4.2A). However, under 
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Figure 4.1 Global dry S (both SO2 and SO4
2-) deposition flux from historical estimates and three 

future climate scenario projections, SSP2-4.5, SSP5-8.5, and G6sulfur.The solid lines represent 

the ensemble mean and the shaded region is the spread across models. The differences between 

models can be seen in Figure S4.2. 
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Figure 4.2 Projected A) annual and B) monthly precipitation and wet sulfur (SO2 and SO4
2-) 

deposition from UKESM1-0-LL, CESM2-WACCM, and CNRM-ESM2-1 during the historical 

time period (1980-2020) and under G6 Sulfur, SSP2-4.5, and SSP5-8.5 conditions (2020-2100). 
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Figure 4.2 (Continued) 
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both SSP2-4.5 and SSP5-8.5, wet SO2 is expected to decline from 1.36±0.14 × 10-12 to 

8.91±0.01 × 10-13 kg/m2s and 1.37±0.18 × 10-12 kg/m2s to 8.71±0.12 × 10-13 kg/m2s, 

respectively. Wet SO4
2-, similarly, is expected to decline under the two SSP scenarios from 

6.44±0.32 × 10-12 to 3.86±0.18 × 10-12 under SSP2-4.5 and from 3.73±0.34 × 10-12 kg/m2s to 

6.46±0.39 × 10-12 kg/m2s under SSP5-8.5 

In terms of seasonality, according to UKESM1-0-LL, both wet SO4
2- and wet SO2 remain 

constant throughout the year under G6sulfur (an average of 5.57±0.02 × 10-12 kg/m2s for wet 

SO4
2- and 1.09±0.01 × 10-12 kg/m2s for wet SO2), SSP2-4.5 (an average of 4.77±1.31 × 10-12 

kg/m2s for wet SO4
2- and 1.06±0.03 × 10-12 kg/m2s for wet SO2), and SSP5-8.5 (an average of 

5.15±1.38 × 10-12 kg/m2s for wet SO4
2- and 1.09±0.03 × 10-12 kg/m2s for wet SO2) throughout 

the year with a high in December/January and a low in the northern hemisphere summer season 

as precipitation increases from 3.12±0.08 mm/day to 3.25±0.06 mm/day. This is not consistent 

with historical patterns of wet SO2 deposition which has historically declined during May-

October, or with historical patterns of wet SO4
2- deposition which has, on average, increased 

during these months (Figure 4.2B). 

CESM2-WACCM projects a slight increase in precipitation from 2.89±1.04 mm/day in 1950 to 

3.03±0.08 mm/day through 2075 (Figure S4.3) and a large increase in wet SO4
2- deposition, with 

deposition dipping down below 1960s levels (5.63±0.55 × 10-12 kg/m2s) until the 2050s and then 

increasing steadily to nearly as high as the 1980s peak (6.59±0.78 × 10-12 kg/m2s) by the end of 

the century (Figure 4.2B). Wet SO2 deposition is projected to decrease from 1.49±0.18 × 10-12 

kg/m2s in 2020 to 8.58±0.95 × 10-13 kg/m2s by 2100. Under SSP2-4.5 wet SO4
2- is projected to 

decline consistently from the 1980s peak to 3.97±0.04 × 10-12
 by 2100 and wet SO2 is projected 

to decline to 8.36±1.22 × 10-13 over the same time period.  

On a seasonal basis, historically wet SO4
2- has increased slightly during May-October as 

precipitation increases. However, under G6 Sulfur, the CESM2-WACCM model projects a slight 

decline during those months from 6.67±0.84 × 10-12 kg/m2s to 5.75±0.62 × 10-12 kg/m2s for 

SO4
2- and a slight increase from 1.08±0.34 × 10-12 kg/m2s to 1.33 ±0.47 × 10-12 kg/m2s for wet 

SO2, as precipitation increases to 3.09±.10 mm/day from 2.89±0.07 mm/day. Under SSP2-4.5 

and SSP5-8.5 wet SO4
2- is projected to remain constant at 5.07±1.42 × 10-12 kg/m2s and 5.33± 

1.49× 10-12 kg/m2s respectively. Precipitation increases during the northern hemisphere summer 
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months from a low of 2.94±0.00   mm/day to 3.13±0.00 mm/day under SSP2-4.5 and 2.80±0.01 

mm/day to 3.16±0.01 mm/day under SSP5-8.5. 

According to the CNRM-ESM2-1 model, precipitation has historically remained constant at 

2.94±0.00 mm/day from the 1950s to the present day. Under G6 Sulfur, this trend is projected to 

continue at 2.99±0.00 mm/day. However, under SSP2-4.5, precipitation is projected to increase 

to 3.09±0.00 mm/day and under SSP5-8.5, it will increase to 3.18±0.00 mm/day by 2100. All 3 

scenarios project a large decline in wet SO4
2- deposition from the 1980s peak of 8.49±0.88 × 10-

12 kg/m2s to 3.45±0.75 × 10-12 kg/m2s for G6 Sulfur, for SSP2-4.5, and for SSP5-8.5 by 2100 

(Figure 4.2B). Unlike the other two ESMs, CNRM-ESM2-1 historical estimates show that wet 

SO4
2- has decreased during May-October from 8.42±0.05 × 10-12 kg/m2s to 6.58±0.01 × 10-12 

kg/m2s. This pattern is consistent with G6 Sulfur projections which estimate a low of 4.26±0.05 

× 10-12 kg/m2s and a high of 5.75±0.05 × 10-12 kg/m2s. Under SSP2-4.5 and SSP5-8.5 wet SO4
2- 

deposition is relatively constant at 4.84±1.72 × 10-12 kg/m2s and 5.01±21.81 × 10-12 kg/m2s, 

respectively. Precipitation increases during May-October under G6 Sulfur, SSP2-4.5, and SSP5-

8.5 from a low of 2.93 mm/day to a high of 3.06 mm/day and a low of 2.97 mm/day to a high of 

3.09 mm/day and a low of 2.99 mm/day to a high of 3.11 mm/day, respectively. CNRM-ESM2-1 

projections do not include publicly available wet SO2. 

4.5 SAI by Ecoregions 

Focusing on CESM2-WACCM and UKESM1-0-LL projections (the two models with publicly 

available projections for both SO2 and SO4
2- deposition) by ecoregion highlights the parts of the 

world most likely to be impacted by excess sulfur deposition under G6Sulfur compared to 

climate change under SSP2-4.5 (Figure 4.3). The comparison between G6 Sulfur and SSP5-8.5 

is shown in Figure S4.5. 

According to the CESM2-WACCM model, SO2 emissions under G6 Sulfur will be higher in 

2020-2040 compared to SSP2-4.5 emissions and decline with each progressive decade in 

savannas, grasslands, and barren or sparsely vegetated lands (Figure 4.3). In non-marine water 

bodies, deciduous needleleaf forests, mixed forests, open shrublands, woody savannas, 

croplands/natural vegetation mosaics, and permanent snow and ice, results are more mixed, with 

higher emissions under G6 Sulfur in the mid-century only to decline back to or below the SSP2-

4.5 emission rate by 2100. And in evergreen needleleaf forests, evergreen broadleaf forests, and 

croplands SO2 emissions experience negligible change from SSP2-4.5 levels. 
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Figure 4.3 The percent change from SSP2-4.5 to G6Sulfur for CESM2-WACCM and UKESM1-

0-LL SO2 and SO4
2- deposition by ecoregion, calculated as a difference in total deposition in Tg-

S/yr. and the percent change from SSP5-8.5 is shown in Figure S4.5. 
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Figure 4.3 (Continued) 
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According to the CESM2-WACCM model, SO4
2- emissions are projected to be higher from 

2020-2040 under G6 Sulfur than SSP2-4.5 and decline with each progressive decade through 

2100 in non-marine water bodies (from 267% to 98%), evergreen broadleaf forests (123% to 

93%), mixed forests (from 170% to 113%), savannas (from 180% to 38%), grasslands (from 

143% to 76%), croplands (from 134% to 82%), and barren or sparsely vegetated lands (from 

136% to 51% ). In deciduous needleleaf forests and open shrublands, SO4
2- emissions increase 

mid-century relative to SSP2-4.5 (184% and 166%, respectively) only to decline to less than 

100% by 2081-2100. In woody savannas, emissions are consistently higher than SSP2-4.5 

emissions. In evergreen needleleaf forests emissions remain constant at 100% of SSP2-4.5 

levels. And in croplands/natural vegetation mosaics and permanent snow and ice SO4
2- emissions 

drop below 100% of the SSP2-4.5 rate mid-century only to increase to 140% and 107%, 

respectively, of SSP2-4.5 levels by 2081-2100.  

Under G6 Sulfur, SO2 deposition according to the CESM2-WACCM model declines relative to 

SSP2-4.5 levels from close to 150% to less than 100% in non-marine water bodies (from 147% 

to 97%), deciduous needleleaf forests (from 199% to 110%), mixed forests (from 150% to 83%), 

savannas (from 175% to 49%), permanent snow and ice (from 162% to 42%), and barren or 

sparsely vegetated lands (from 153% to 47%). In open shrublands and croplands/natural 

vegetation mosaics, there is no difference between G6 Sulfur and SSP2-4.5 SO2 deposition 

throughout the century. Two ecoregions experience a decrease during 2041-2060 compared to 

SSP2-4.5 levels – from 133% to 101% in evergreen needleleaf forests and from 116% to 91% in 

grasslands. Other ecoregions instead will experience greater SO2 deposition relative to SPSP2-

4.5 during this time period: evergreen broadleaf forests (from 130% to 170%), woody savannas 

(from 140% to 190%), and croplands (from 106% to 163%).  

According to the CESM2-WACCM model, SO4
2- deposition is projected to be higher under G6 

Sulfur than SSP2-4.5 in the 2020s and decline relative to SSP2-4.5 by 2100 in woody savannas 

(from 163% to 120%), savannas (from 224% to 86%), permanent snow and ice (from 179% to 

90%), and barren or sparsely vegetated lands (from 149% to 87%). SO4
2- emissions are projected 

to increase by the end of the century in non-marine water bodies (from 95% to 138%), deciduous 

needleleaf forests (from 99% to 170%), mixed forests (from 118% to 128%), and open 

shrublands (from 94% to 130%) relative to SSP2-4.5. SO4
2- emissions will decline through 2061-

2080 and then increase again relative to SSP2-4.5 in evergreen needleleaf forests (from 122% to 
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143%), grasslands (from 89% to 112%) and croplands (from 95% to 110%). In evergreen 

broadleaf forests, SO4
2- deposition is greater relative to SSP2-4.5 levels through 2061-2080 to 

144% of SSP2-4.5 deposition and then declines to 99%. In croplands/natural vegetation mosaics, 

SO4
2- deposition declines to 86% of SSP2-4.5 deposition in 2041-2060 and then increases to 

171% by 2080-2100. 

According to the UKESM1-0-LL projections, SO2 emissions will increase relative to SSP2-4.5 in 

woody savannas from 124% to 369% by 2081-2100. SO2 emissions are projected to decline 

relative to SSP2-4.5 in non-marine water bodies (from 142% to 92%), evergreen broadleaf 

forests (from 146% to 84%), deciduous needleleaf forests (from 124% to 64%), mixed forests 

(from 128% to 100%), open shrublands (from 116% to73%), savannas (from 200% to 46%), 

grasslands (from 230% to 62%), and barren or sparsely vegetated lands (from 200% to 57%) 

throughout the century (Figure 4.3). Emissions are projected to remain constant at 110% of the 

SSP2-4.5 rate in evergreen needleleaf forests while emissions in croplands, cropland/natural 

vegetation mosaics and permanent snow and ice are projected to increase under G6 Sulfur to 

133%, 160%, and 137% respectively, relative to SSP2-4.5 during 2041-2060 and 2061-2080 then 

decline back to just under 100% of SSP2-4.5 levels. 

According to the UKESM1-0-LL projections, SO4
2- emissions under G6 Sulfur will decline 

relative to SSP2-4.5 emissions in non-marine water bodies (from 206% to 84%), evergreen 

broadleaf forests (from 140% to 83%), mixed forests (from 145% to 92%), savannas (from 192% 

to 35%), grasslands (from 139% to 74%), croplands (from 148% to 80%), and barren or sparsely 

vegetated lands (from 145% to 45%) by the end of the century. SO4
2- emissions are projected to 

increase relative to SSP2-4.5 in woody savannas from 134% in 2020-2040 to 359% in 2081-

2100. SO4
2- emissions in evergreen needleleaf forests are projected to remain constant at 105% 

of the SSP2-4.5 rate but emissions in deciduous needleleaf forests will increase to 152% of the 

SSP2-4.5 rate in 2041-2060 then decrease to 38% in 2061-2080 then increase again to 86% by 

2081-2100. Open shrublands will experience an increase to 133% of SSp2-4.5 levels in 2061-

2080 then a decline to 59% in the next 2 decades. SO4
2- emissions in cropland/natural vegetation 

mosaics and permanent snow and ice decline mid-century to 96% and 57% of SSP2-4.5 levels, 

respectively, then increase to 135% and 106% by the end of the century.  

Under G6 Sulfur, SO2 deposition will decline in non-marine water bodies (from 138% to 80%), 

evergreen broadleaf forests (from 126% to 99%), 3 (from 158% to 71%), mixed forests (from 
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137% to 81%), open shrublands (from 80% to 91%), permanent snow and ice (from 184% to 

45%), and barren or sparsely vegetated lands (from 162% to 54%) by the end of the century 

when compared to SSP2-4.5 SO4
2- deposition. SO2 deposition is projected to increase relative to 

SSP2-4.5 by mid-century in woody savannas (from 128% to 180%), savannas (from 168% to 

236%), grasslands (from 115% to 167%), croplands (from 102% to 164%) and then decline 

below the original percentage. And SO2 deposition is constant under G6 Sulfur at 100% of rate 

SSP2-4.5 rate in cropland/natural vegetation mosaics and constant at 126% of the SSP2-4.5 rate 

in evergreen needleleaf forests. 

SO4
2- deposition will increase under G6 Sulfur according to the UKESM1-0-LL projections in 

non-marine water bodies (from 94% to 139%), deciduous needleleaf forests (from 106% to 

394%), open shrublands (from 94% to 122%), and cropland/natural vegetation mosaics (from 

145% to 156%) relative to SSP2-4.5 estimates. It will decrease in savannas (from 196% to 88%), 

grasslands (from 152% to 112%), croplands (from 136% to 107%), permanent snow and ice 

(from 220% to 107%), and barren or sparsely vegetated lands (from 146% to 82%) relative to 

SSP2-4.5 deposition rates. Under G6 Sulfur, SO4
2- deposition in evergreen broadleaf forests 

increases mid-century from 122% to 148% and evergreen needleleaf forests decreases from 

151% to 108% mid-century then returns to 129% of SSP2-4.5 deposition by 2081-2100. 

Deposition in mixed forests and woody savannas decreases mid-century to 105% and 166% 

relative to SSP2-4.5 levels, respectively, then increases to 151% and 210%, respectively, by the 

end of the century. 

4.6 Discussion 

Past projections from CESM1-WACCM estimate a total global deposition rate of 40 Tg-S yr-1 in 

2020, declining to 23 Tg-S yr-1 by 2100 under RCP8.5 (Visioni et al., 2020). However, in this 

study, CESM2-WACCM projects a total global deposition rate of 71.6 Tg-S yr-1 in 2020, 

increasing to 82.0 Tg-S yr-1 by 2100 under SSP5-8.5 and UKESM-1-0-LL projects a total global 

deposition rate of 65.1 Tg-S yr-1 in 2020, increasing to 74.5 Tg-S yr-1 by 2100 under SSP5-8.5. 

These values are more similar to historical estimates. Two other models estimate total S 

deposition as 76.8 Tg-S yr-1 and 93.3 Tg-S yr-1 on average for 2000-2005 GEOS-Chem and 

University of L’Aquila Composition-Chemistry Model (ULAQ-CCM), respectively (Visioni et 

al., 2018). Total global sulfur deposition in 2010 was estimated at 88.8 Tg-S (Rubin et al., 2023). 

Total global sulfur emissions in 2015 were around 120 Tg-S (Aas et al., 2019) with deposition 
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presumably slightly lower (Lamarque et al., 2013; Visioni et al., 2017). Dry SO4
2- and dry SO2 

deposition will continue to decline globally under G6sulfur, SSP2-4.5, and SSP5-8.5, dropping 

sharply throughout the 2030s and 2040s and plateauing below 1950s levels by 2100 (Figure 

4.4). The consistency of projections between scenarios and models demonstrates that injecting 

sulfate into the stratosphere does not fundamentally change the mechanisms influencing dry 

deposition on a global scale. Similarly, increasing the radiative forcing by increasing the CO2 in 

the atmosphere compared to present day conditions (as under SSP5-8.5 or SSP2-4.5) does not 

influence the atmospheric chemistry and material properties of the dry sulfur particles settling 

out of the atmosphere.  

Prior research shows that decreasing radiative forcing will decrease precipitation rates in many 

regions, therefore decreasing the rainout of particulate matter and resulting in longer lifetimes 

and more exposure to particulate matter remaining in the atmosphere under lower radiative 

forcing scenarios (Eastham et al., 2018). Precipitation is predicted to increase under all three 

scenarios (Figure S4.3) when compared to historical conditions, although under G6Sulfur 

precipitation will begin to decline again by 2050. Precipitation tends to remove PM2.5 from the 

atmosphere so it follows that as the frequency of rainy days decreases in some places, even as the 

intensity increases, dry deposition will become the more dominant process. This means that the 

ratio of wet to dry deposition will steadily decline as precipitation increases. Wet deposition is 

more efficient at removing smaller aerosols so as rates of wet deposition decline, these smaller 

aerosols will tend to remain in the atmosphere longer.  

Although the three ESMs disagree on the magnitude and trend in wet SO4
2- under G6sulfur 

(Figure 4.2), they do agree that wet SO2 will continue its current decline. Similarly, all three 

ESMs project a fundamental shift in seasonal SO4
2- deposition where, even as precipitation 

increases from May to October, deposition decreases. This trend would make sense for dry 

deposition; as precipitation increases, more particles are rained out and so there is less dry 

deposition. But for more wet deposition to occur even as precipitation decreases shows that there 

is a process – in this case SAI – continually adding SO4
2- to the system. 

The three models have different features included in the simulated stratosphere and aerosol 

transport and deposition. The deposition patterns by latitude (Figure S4.4) demonstrate that the 

amount of SO2 remaining in the stratosphere varies by injection scheme. All three models have a 

peak in deposition at 0⁰, 45⁰, and −45⁰, but the magnitudes vary by model and by time period, 
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with different latitudes experiencing either steady increasing or decreasing deposition throughout 

the century. This is likely because a) the amount of SO2 needed to reach the AOD necessary to 

cool the planet varies between models due to different SO2 to sulfate conversion rates (Visioni et 

al., 2023) by as much as 10 Tg/year, and b) even though SO2 is supposed to remain in the 

stratosphere as long as possible, it will inevitably eventually precipitate. Additionally, the 

injection altitude will impact stratospheric heating and result in temperature and precipitation 

differences between models. A large part of the uncertainty in SO4
2- is due to differences in the 

aerosol chemistry in each model, specifically the SO2 to SO4
2- conversion rate (Visioni et al., 

2023). 

This is because of the way solar reduction is treated in the three ESMs. All ESMs reach SSP2-

4.5 by the end of the century, but their approaches differ (Simone Tilmes et al., 2022). They 

begin in 2020 with SSP5-8.5 emissions and then a sulfate aerosol optical depth (AOD) is added 

to reflect sunlight and cool the planet to reach SSP2-4.5 levels of radiative forcing. UKESM1-0-

LL injects SO2 uniformly between 10⁰ N and 10⁰ S between 18 and 20 km of altitude and across 

a single longitudinal band (0⁰). CESM2-WACCM injects SO2 at the equator at an altitude of 25 

km. CNRM-ESM2-1 uses an input dataset from a different GeoMIP experiment (G4SSA) to 

prescribe the aerosol optical depth distribution. The UKESM-1 model adjusts the AOD every 

decade whereas CESM2-WACCM and CNRM-ESM2 adjust every year.  

This analysis of emissions and deposition by ecoregion demonstrates that the type and location 

of ecoregion will determine whether it receives more sulfur deposition under G6 Sulfur 

compared to climate change under either SSP2-4.5 or SSP5-8 (Figure 4.3). Visioni et al. (2020) 

write that according to CESM1-WACCM projections, more deposition will occur in pristine 

areas under G6 Sulfur compared to the historical period as long-range transport relocates the 

particles away from the site of emissions to mid- and high- latitudes. This poses a risk to 

ecoregions that are particularly sensitive to fluctuations in sulfur levels and may not be able to 

survive rapid changes. Critical loads are the threshold of atmospheric deposition below which 

ecological harm does not occur for any given ecosystem or species (Nilsson, 1988). Beyond the 

critical load for an ecosystem, acidification and eutrophication will occur and important 

biogeochemical cycles will be impacted (Driscoll et al., 2001; Galloway, 1995; Lanning et al., 

2019). In US forests, the critical load for sulfur deposition can be calculated for lichen and used 

as an indicator of overall forest health, because lichen is particularly sensitive to air pollution 
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(Geiser et al., 2021; McMurray et al., 2021). One study calculates this value to be 2.7 kg S 

ha−1 y−1  for forested ecosystems in the US (Geiser et al., 2021), or 8.56 × 10-11 kg S/m2s. By this 

measure, the only ecoregion annual averages below the critical load under both G6Sulfur and 

SSP2-4.5 are deciduous needleleaf forests for 2020-2100 and Croplands/Natural Vegetation 

Mosaic for 2061-2100. Under SSP5-8.5, the ecoregions below the critical load are deciduous 

needleleaf forests for 2020-2100 and Croplands/Natural Vegetation Mosaic for 2081-2100. 

While not all species are not as sensitive to sulfur deposition as lichens, and there is a large range 

in both critical loads and uncertainty in critical loads by species, forest type, and underlying soil 

(X. Ge et al., 2023; Pavlovic et al., 2023), the exceedance in so much of the world is concerning.  

It is also important not to compare a climate intervention scenario to the current climate but 

rather to other possible futures to understand the risks of different global actions. When 

compared to SSP2-4.5, G6sulfur SO4
2- deposition does not decrease as quickly and in some 

ecoregions begins to rise again by the end of the 21st century. Emissions, on the other hand, are 

lower and drop faster. When compared to SSP5-8.5, emissions and deposition tend to be lower 

across the board, although, again, in several ecoregions, SO4
2- deposition will be higher by the 

end of the century. These results suggest that for most of the world, both SSP2-4.5 and SSP5-8.5 

are associated with lower deposition by the end of the century. Nevertheless, in the near future, 

the opposite is true, meaning that benefits (strictly defined as lower sulfur deposition to sensitive 

ecosystems) from SAI will be concentrated in the next 20 years. One important note with my 

analysis is that these ecoregions will likely not be located in the same locations by the end of the 

century due to climate change and land use change (D. Wu et al., 2015).  

SO2 emissions are higher than deposition under all three scenarios (Figure 4.3) but SO4
2- 

deposition is higher than SO4
2- emissions due to the atmospheric chemistry taking place as SO2 is 

transformed into sulfate. Under SSP2-4.5 and SSP5-8.5 sulfate deposition decreases over time as 

SO2 and sulfate emissions decrease. Even so, because G6Sulfur involves injecting sulfate 

directly into the stratosphere, sulfate deposition stays remarkably constant from 2015 to 2100. 

The fact that it does not increase rapidly or in sharp increments means that much of the injected 

sulfate is staying in the atmosphere to reduce radiative forcing, as intended. However, not all of 

it is, meaning these injections will have to continue throughout the whole time period to maintain 

the same level of radiative forcing impact.  
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The difference in location between emissions and deposition in future scenarios (Figures 4.3, 

S4.5) highlights the role of long-range transport in distributing sulfur from source to sink (Fisher, 

1975). Much of the projected decline in both deposition and emissions is happening between the 

2020–2040 time period and the 2041–2060 period. While the drop in emissions is quick, the 

impacts are spread between multiple ecoregions such that, with the exception of mixed forest and 

open shrublands, most ecoregions experience a steady decrease throughout the century. 

However, it is not yet known whether even this relatively slow change is tolerable by the species 

that are either suddenly now not receiving enough sulfur or, in the case of mixed forest and open 

shrubland, experience a sharp decline and then a sharp and almost equal increase within the span 

of 40 years. If SAI were terminated early and unexpectedly, the sulfur deposition would adjust 

within a year or two to the levels projected by the relevant SSP, commensurate with the level of 

CO2 in the atmosphere. In some cases, this could be catastrophic. 

According to the UKESM-1-0-LL projections for different ecoregions, both deciduous 

needleleaf forests will experience a steep spike in sulfur emissions while woody savannas 

experience a spike in sulfur deposition under G6 Sulfur when compared to SSP2-4.5 (Figure 

4.3). This does not happen with the CESM-WACCM results. These ecoregions are mapped in 

Figure S4.6. Figures S4.8. and S4.9 shows the change in precipitation expected throughout the 

21st century in various ecoregions for both the CESM2-WACCM and UKESM-1-0-LL model 

projections; precipitation alone is not enough to account for such deposition spikes. The G6 

Sulfur scenario uses SSP5-8.5 land use but transitions to SSP2-4.5 precipitation and temperature 

by the end of the century, causing a mismatch between ecoregion and the associated climate 

regime. This causes a large difference in some ecoregions that are particularly sensitive to 

precipitation in the UKESM-1-0-LL results.  

While modeling with CMIP5 ensembles suggests reductions in precipitation in many regions 

from an SAI scenario (W. Cheng et al., 2019; Simpson et al., 2019), recent work with CMIP6 

models points out that the precipitation effects will strongly depend on the strategy and 

magnitude of the climate intervention (Simone Tilmes et al., 2020); my results show an overall 

slight increase in precipitation (Figure S4.3). This suggests that the cooling effect of SAI is not 

enough to entirely restore pre-industrial precipitation regimes in all regions as local climate 

variability may mask the impact of SAI (P. Irvine et al., 2019; P. J. Irvine & Keith, 2020; Tye et 

al., 2022). The new patterns of precipitation in many regions may also impact nitrogen 
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deposition and therefore carbon sequestration and nutrient availability for croplands. As of yet, 

no G6 Sulfur models include enough variables to determine if this is the case.  

It should be noted that currently nitrogen is not included in the GeoMIP models so the effects of 

SAI on deposition do not include any interaction with the nitrogen cycle. Models would more 

closely capture reality if they were to include nitrogen deposition, particularly in regions that are 

known to have high emissions that will likely continue to increase (Sun et al., 2022). There is 

also no sulfur transport from fires. 

Past work has shown that it is feasible to replicate injection strategies between models producing 

similar temperature responses (Visioni et al., 2023). Coordinating such efforts to include a 

thought-out strategy for temperature targets and injection latitudes would greatly help with 

comparability between future scenarios and a better understanding of the risks and benefits of 

SAI.  

4.7 Conclusions 

Although controversial, SAI is a technologically feasible method of buying time for the world to 

slow down climate change. As such, it is important to evaluate the climate risks and human and 

environmental impacts of enacting this strategy globally. This work evaluates sulfur deposition 

under G6sulfur and compares the projections with SSP2-4.5 and SSP5-8.5 scenarios. Our results 

demonstrate that the injections required to maintain G6 Sulfur conditions and mitigate warming 

will have non-negligible impacts on sensitive ecoregions when compared to both SSP2-4.5 and 

SSP5-8.5. While dry deposition will continue to decline under all 3 future scenarios, the ratio of 

wet to dry deposition will change under G6 Sulfur, especially on a seasonal basis as more 

deposition occurs even in historically drier seasons. And, importantly, the benefits from SAI are 

concentrated in the near future. We also point out that there are large discrepancies across 

models and injection strategies, meaning that sulfate deposition will depend on which strategy is 

chosen as well as the stratospheric dynamics and chemical processes that differ between models. 

This overlapping area of uncertainty contains a broad range of outcomes that is hard to sample, 

especially when including other interactions such as nitrogen-sulfur interactions, fire inputs, and 

stratosphere-troposphere interactions.  
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Chapter 5 Downscaling Methods Accurately Predict Heat Wave Risk in a Changing Climate 

5.1 Introduction 

As the Intergovernmental Panel on Climate Change (IPCC) 6th Assessment Report states, hot 

extremes such as heat waves will become more intense, more frequent, and lengthier due to 

climate change (Balbus et al., 2016; Coumou & Rahmstorf, 2012; Gao et al., 2012; Pfleiderer et 

al., 2019; Seneviratne et al., 2021). The societal disruption caused by heat waves exacerbates a 

looming health crisis driven by climate change, especially for vulnerable segments of the 

population – the youngest, the oldest, and the homeless (Peng et al., 2011; Philip et al., 2021). 

Heat waves can cause a range of health impacts: heat stress, heat exhaustion, heat stroke 

(Arbuthnott & Hajat, 2017), and increased risk of heart attacks, strokes, and other cardiovascular 

diseases (NIH, 2022; US EPA, 2016). Additionally, heat waves can cause significant financial 

loss from power outages and disruption to public infrastructure (Langlois et al., 2013; 

Mazdiyasni et al., 2017). However, while the impact of heat waves is clear (World Health 

Organization, 2022), the specific risks of future heat waves to the US population on a regional 

scale are not yet well quantified.  

To study how heat waves may evolve in the future, projections made by global climate models 

(GCMs) provide physics-based insights. The Coupled Model Intercomparison Project Phase 6 

(CMIP6) coordinates the latest generation of GCM experiments worldwide using common 

protocols, climate forcings, and output formats to provide intercomparable future climate 

predictions (Eyring et al., 2016). O’Neill et al. (2016) described the design of CMIP6 emissions 

scenarios that combine a Representative Concentration Pathway (RCP) with radiative forcing 

levels between 1.9 and 8.5 W/m2 and a Socioeconomic Development Pathway (SSP 1-5). Among 

the scenarios, we consider the “worst-case” SSP5-8.5 to investigate the upper bounds of what the 

US could experience. RCP8.5 has been used in other studies to investigate potential climate 

change impacts. For instance, based on Community Earth System Model (CESM) and historic 

heat wave distribution, heat waves are projected to be 3.5-6.4 times more frequent by the late 

2050s under RCP8.5 (Gao et al., 2012; NCAR & UCAR, 2022; Riahi et al., 2011; J. Wu et al., 

2014). However, this is likely an underestimation since the reference period to calculate heat 

wave probability was 2002–2004, a very short and recent timeframe well after anthropogenic 

climate change had already modified the climate, and it relied on results from only one GCM.  
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Additionally, the raw spatial resolution of GCMs is coarse and cannot resolve fine-scale 

processes to support regional (e.g., state-level and county-level) risk assessment and decision-

making (Hewitson & Crane, 1996). Suitable downscaling techniques, either dynamical or 

statistical, are required to refine the projection at a finer spatial resolution. Statistical 

downscaling uses observations of the modeled phenomenon during a reference period to build a 

statistical relationship and then apply it to future events (Lei Zhang et al., 2020). It is 

computationally inexpensive and widely used but limited only to variables with long-term 

historic observations. It also relies on the premise that the relationship between observed and 

modeled events will remain unchanged in the future, which may not hold as climate change 

disrupts previously consistent processes (Rastogi et al., 2022). Dynamical downscaling uses 

regional climate models to incorporate the effects of climate processes with respect to future 

emission scenarios to estimate local impacts. It is more computationally intensive and requires 

several sub-daily GCM output. Using a new dataset (Rastogi et al., 2022) that provides both 

statistically and dynamically downscaled CMIP6 outputs, we explore how regional heat waves 

are projected in the US by the latest GCMs and the differences due to the choice of downscaling 

method.  

The IPCC defines a heat wave as an extreme weather event associated with climate change 

(Intergovernmental Panel on Climate Change, 2012). There are numerous ways to quantify heat 

waves according to the research purpose and domain (European Drought Observatory, 2018; 

Langlois et al., 2013; Lavaysse et al., 2018; Mazdiyasni et al., 2019; J. Nairn et al., 2009; J. R. 

Nairn & Fawcett, 2015; Raei et al., 2018; Zuo et al., 2015). The Heat Wave Duration Index 

(HWDI) defines a heat wave as the total period greater than five consecutive days with a 

maximum temperature greater than 5⁰ C above the historical normal daily maximum temperature 

value (Frich et al., 2002). While it is a useful approach for exploring deviations from normal 

values, a fixed threshold is not applicable in all regions (Kiktev et al., 2003). The Heat Wave 

Magnitude Index (HWMI) defines a heat wave as at least three consecutive days where the daily 

maximum temperature exceeds the 90th percentile threshold of the average of a 31-day reference 

window during 1981-2020 (Russo et al., 2014). Researchers used a similar definition to analyze 

heat wave occurrences with varying numbers of consecutive days, temperature scales, thresholds, 

and reference windows (Fischer & Schär, 2010; M. Luo & Lau, 2020; Perkins & Alexander, 

2013). Because the length of the reference window and the percentile threshold can easily be 
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changed, we use the HWMI to reach a more comprehensive view of future heat waves by 

varying the percentile threshold and reference window time frame.  

While we do not explicitly focus on winter heat waves in my index comparison, I still include 

them in my analysis rather than limiting my work to the more commonly studied summer heat 

waves. Because winter heat waves (or “warm spells”) receive less attention compared to summer 

heat waves (Staddon et al., 2014), the negative side effects of warm winters can be 

underestimated. Biogeochemical and carbon cycles can be interrupted by these warm spells and 

this results in increased nitrogen leaching (Kreyling et al., 2015) and carbon loss from respiration 

(Z. Liu et al., 2020), which feeds into a positive feedback loop of worsening climate change. 

Additionally, increased glacial ablation (where warmer weather causes a rain-on-snow melting 

event) caused by heat waves can influence the yearly snow accumulation of the highly seasonal 

precipitation regime, which is a challenge for farming domestic food staples that rely on a steady 

water supply (Brás et al., 2021; Colucci et al., 2017; Dierauer et al., 2019; Watanabe et al., 

2020).  

This research aims to understand how regional heat waves, an urgent climate hazard, may evolve 

across the Conterminous US (CONUS) in the near-term future using a newly released dataset 

with downscaled CMIP6 projection. Through the comparison of heat wave indices derived from 

gridded meteorological observations, raw and downscaled CMIP6 GCMs, we evaluate the 

differences between projections due to the choice of downscaling method through the lens of 

heat waves. My work emphasizes the importance of fine spatial and temporal resolution for 

regional-scale projections and demonstrates that dynamical downscaling, though 

computationally intensive, can lead to more reliable results for the purpose of human health, 

ecosystem, crop damages, and other regionally focused impact assessments.  

5.2 Methods and Data 

Three gridded meteorological observation datasets are used in this study. They include:  

(1) Daymet: Daymet version 4 is available through Oak Ridge National Laboratory (ORNL) 

Distributed Active Archive Center (DAAC) (https://daymet.ornl.gov/). It provides 1-km 

horizontal resolution daily gridded surface meteorological variables in North America 

from 1980 until the present. Daymet is produced by assimilating ground-based 

observations through multivariate spatial regression (M. M. Thornton et al., 2020). 



57 

Daymet has served as the reference meteorologic observation for both dynamically and 

statistically downscaled CMIP6 GCMs used in this study. 

(2) NClimGrid: National Ocean and Atmospheric Administration (NOAA) Daily U.S. 

Climate Gridded Dataset (NClimGrid) aggregates measurements from the Global 

Historical Climatology Network-Daily (GHCN-Daily) dataset to provide daily gridded 

meteorological observations at 1/24° horizontal resolution across the CONUS. Similar to 

Daymet, the gridded dataset is also created through interpolation between station 

locations and over differing elevations (Vose et al., 2014). 

(3) PRISM: The Parameter-elevation Relationships on Independent Slopes Model (PRISM) 

is another widely used gridded meteorological observation dataset. The publicly available 

PRISM provides 1/24° horizontal resolution daily gridded surface meteorological 

variables in the CONUS from 1980 until the present (Daly et al., 2008). It is available 

from the PRISM Climate Group at Oregon State University. 

It should be noted that while these gridded meteorological observation datasets were derived 

from station-based observations (such as GHCN-Daily), given their different algorithm, local 

differences can be expected. For instance, the differences among Daymet and PRISM and other 

commonly used gridded datasets have been compared in prior studies(Behnke et al., 2016; 

Timmermans et al., 2019). To avoid biased results driven by a specific dataset, we hence 

calculated heat wave indices from all three datasets for the purpose of model evaluation and 

comparison. 

For climate projections, six CMIP6 GCMs under SSP5-RCP8.5 (Table S5.1) were selected 

given their model performance (Ashfaq et al., 2022) and availability of 6-hourly data to support 

dynamical downscaling. Dynamical downscaling was done using the fourth version of the 

Regional Climate Model system (RegCM4) which relies on physics-based models and provides a 

large suite of physically consistent variables (Coppola et al., 2021), and it refines the horizontal 

resolution from GCM’s original resolution (>150km) to 25km across the CONUS (Rastogi et al., 

2022). A daily bias-correction was then performed on RegCM4 output using Daymet 

observations and it further refines the spatial resolution from 25km to 1/24º (~4km). For 

comparison, statistical downscaling was done using Double Bias Correction Constructed 

Analogs (DBCCA) which is a method that leverages empirical relationships between global 

climate models and observations (Maurer & Pierce, 2014; Rastogi et al., 2022; Werner & 
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Cannon, 2016). It provides an output at the same 1/24º (~4km) horizontal resolution for inter-

comparison. 

The entire CONUS was divided into nine climate regions as defined by the National Center for 

Environmental Information (NCEI, https://www.ncei.noaa.gov/, Figure S5.1). We calculated an 

ensemble mean of the six CMIP6 models (Table S5.1) using raw and downscaled outputs for 

both historical (1980–2019) and near-term future (2020–2059) periods for the entire study area. 

We then calculated the heat wave magnitude index (Russo et al., 2014) for each of the 9 regions 

by year and used the daily maximum temperatures during the 40-year reference period to 

calculate the 85th, 90th, 95th, and 97.5th percentiles with 11-, 15-, and 31-day windows. Each 

heat wave event was only classified as such if it lasted at least 3 consecutive days. We also 

calculated a multi-model mean for humidity and minimum temperature by year for each 

downscaling approach.  

We also performed a Student’s t-test to compare the difference in average daily maximum 

temperature in by season and downscaling method for the future time period (2020-2059) 

compared to the reference period (1980–2019). 

5.3 Comparison with Historical Models and Observations 

Because this work focuses on fine-resolution data for a regional approach, the US was divided 

into 9 climate regions (Figure S5.1), and each was evaluated separately. Comparing historic heat 

waves during the baseline period of 1980–2019 to projected future heat waves from 2020–2059 

demonstrates that there are important regional variations as well as the expected differences 

between downscaling approaches (Figure 5.1). Compared to historical averages, the statistical 

downscaling approach using the DBCCA method projects slightly higher HWMI values than the 

dynamical downscaling approach using RegCM4 especially at the lowest percentile threshold 

(85%) (Figure 5.1A). This is particularly noticeable in the Ohio Valley (OV), Northern Rockies 

(NR), and Upper Midwest (UM), where the DBCCA ensemble projects an increase of ~3 

HWMI, and the RegCM4 ensemble projects an increase of closer to 2. The South (S) is projected 

to have little change in future HWMI according to the DBCCA ensemble at all threshold levels. 

At higher percentile thresholds (95%, 97.5%), both DBCCA and RegCM4 ensembles project 

little increase in 2020–2059 in HWMI (~1) from the historical reference period. According to 

Russso et al. (2014), who developed the index, a normal heat wave is defined as HWMI ≥ 1, a  

https://www.ncei.noaa.gov/
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Figure 5.1 A comparison of historic heat waves during 1980–2019 to projected heat waves from 

2020–2059. (A) HWMI by region for 2020–2059 for DBCCA and RegCM4 compared to 

historical averages (1980–2019). (B) The duration of the greatest heat wave event by region 

2020–2060 for DBCCA and RegCM4 compared to historical averages (1980–2019). (C)  The 

start day of the greatest heat wave event by region for 2020–2059 for DBCCA and RegCM4 

compared to historical averages (1980–2019). (NE: Northeast, NR: Northern Rockies, NW: 

Northwest, OV: Ohio Valley, S: South, SE: Southeast, SW: Southwest, UM: Upper Midwest, W: 

West.) 
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Figure 5.1 (Continued) 
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moderate heat wave is HWMI ≥ 2, a severe heat wave is HWMI ≥ 3, and an extreme heat wave 

is HWMI ≥ 4.  

The change from the reference period in the duration of the greatest heat wave event of the year 

also varies by region and by downscaling method (Figure 5.1B). The greatest heat wave event is 

defined as the longest-lasting and most intense heat wave of the year. According to the RegCM4 

ensemble, the change in heat wave duration in the Southeast (SE) will be close to 50 days at the 

85% threshold but closer to 25 days in the Northern Rockies (NR), Northwest (NW), and West 

(W). This regional pattern is not seen in the DBCCA projections. Instead, the South (S) will have 

little change in the duration of the greatest heat wave event, but the Ohio Valley (OV) will 

experience 50 more days per year at the 85% threshold.  

At the lower thresholds (85%, 90%), the DBCCA and RegCM4 ensembles project an earlier start 

date of the greatest heat wave event in a year compared to the reference period (Figure 5.1C). A 

start date of 30 days earlier (such as the Northwest (NW) from the DBCCA ensemble and the 

Northern Rockies (NR) from the RegCM4 ensemble) represents a shift to earlier and hotter 

seasons. However, at the highest thresholds (95%, 97.5%), both the ensembles project a change 

of 150 days, or about 5 months later. This is not a seasonal shift but a fundamental regime 

change, meaning that the start date of the greatest heat wave is shifting from winter “warm 

spells” during the reference period to summer heat waves. However, these warm winter spells 

are not as long or intense as the summer heat waves because they are no longer counted at higher 

thresholds. The only region not demonstrating this pattern is the South (S), from the DBCCA 

ensemble. Instead, the pattern is reversed, with the lower thresholds associated with a 1–2-month 

delay in start date and higher thresholds associated with a 10–15 day earlier start date. Note that 

this is the start date of the hottest and longest-lasting heat wave of the year, not the start date of 

the year's first heat wave, and the number of heat waves in a year is accounted for with the 

HWMI.  

For the purpose of model validation, the CMIP6-DBCCA and CMIP6-RegCM4 ensembles are 

compared to three gridded observational datasets (Daymet, NClimGrid, and PRISM) for the 

historic reference period of 1980–2019 (Figure 4.2). CMIP6-Raw is the original 6-model 

ensemble remapped at 1⁰ resolution using bilinear interpolation with no downscaling. In Figure 

4.2A, all data were regridded to a 1⁰ resolution, and in Figure 4.2B, the model projections are 

compared directly at their original resolution (Table S4.2). In the Southwest (SW), Ohio Valley  
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Figure 5.2 Maximum daily temperature in the US, from 1980–2019. A) Each model or 

observational output was regridded to the CMIP6 resolution (1⁰x1⁰). B) Each model or 

observational output was kept at its original resolution. 
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(OV), and Northwest (NW), aggregation does not change that CMIP6 projects significantly 

lower maximum temperature estimates than the other model outputs and observations (P<0.05). 

In the Northeast (NE), Northern Rockies (NR), West (W), South (S), and Upper Midwest (UM) 

the CMIP6 average maximum temperature is significantly higher than the original resolution 

DBCCA, RegCM4, and Daymet values but is significantly lower than the regridded values 

(P<0.05). In the Southeast (SE) the CMIP6-Raw ensemble mean at 1⁰ resolution is significantly 

higher than the original resolution DBCCA, RegCM4, and Daymet means whereas aggregation 

to 1⁰ shifts the DBCCA and RegCM4 means to be significantly lower than the CMIP6-Raw 

ensemble mean and the NClimGrid and PRISM means to be significantly higher (P<0.05). Table 

S5.2 lists the original horizontal grid spacing before all the datasets are regridded to 1⁰ for 

comparison in Figure 5.2A. 

5.4 Dynamical versus Statistical Downscaling 

The HWMI is driven by maximum temperature, by definition (see Methods). The projected 

annual maximum temperature for each downscaling ensemble is shown in Figure S5.3. Notably, 

the trends and year-to-year variation are very similar, although the DBCCA tends to project 

slightly higher temperatures in the 2050s. Looking at annual averages over the entire CONUS, it 

is not immediately apparent that the two approaches are fundamentally different. However, at a 

seasonal scale, there are definite spatial differences (Figure 5.3). While both the DBCCA and 

RegCM4 downscaled ensembles demonstrate increased warming across all seasons, the DBCCA 

ensembles for spring, summer, and fall are markedly different from the RegCM4 projections. 

The DBCCA spring and summer projections appear to be overestimating the increase in 2050s 

temperatures compared to the RegCM4 projections, with greater warming in the northern and 

western US. In the fall, however, RegCM4 projects greater warming by the 2050s across much 

of the northern US.   

Figure 5.4 compares future heat wave characteristics in dynamical and statistical downscaling 

ensembles using 4 different percentile thresholds and 3 different reference windows. When 

averaged annually across the entire US, both RegCM4 and DBCCA reveal similar patterns of 

increasing intensity and duration of heat waves in the near future. The HWMI will increase 

steadily for all percentile thresholds and reference windows (Figure 5.4A). The longer reference 

timeframe of 31 days has no noticeable smoothing effect on the year-to-year variation in HWMI 

compared to the shorter reference windows.   
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Figure 5.3 Seasonal maximum temperature difference by decade. The difference in average daily 

maximum temperature in degrees C by season for each future period and downscaling method 

compared to the reference period of 1980–2019. Stippling indicates statistical significance at the 

95% confidence interval under a one-sample, two-sided Student’s t-test. 
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Figure 5.4 Heatwave characteristics by percentile threshold and window. (A) HWMI by 

threshold and window in the US (2020–2059). (B) Predicted start day of the longest and hottest 

heat wave by threshold and window in the US (2020–2059) (The 97.5 percentile threshold has 

been removed for clarity, see Figure S5.2 for the full comparison). (C) Predicted duration of the 

longest and hottest heat wave by threshold and windows in the US (2020–2059).  
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According to the RegCM4 ensemble, the average start day of the longest and hottest heat wave 

event will occur earlier each year (Figure 5.4B). In 2020, the average start date across the US is 

around day 200 (mid-July), but by 2059, this date will shift closer to day 175 (late June), almost 

an entire month earlier. The DBCCA ensemble does not demonstrate this shift to earlier, more 

extreme temperatures. It projects more inter-annual variability, alternating between start dates in 

mid-April and June. 

As the 97.5th percentile threshold (pink lines in Figure 5.4C) shows, even the most conservative 

threshold in both the RegCM4 and DBCCA ensembles predict a steady increase in the duration 

of the greatest heat waves from fewer than 10 days in the early 2020s to well over 30 days in the 

2050s. Under the least conservative threshold, the 85th percentile threshold (blue lines in Figure 

5.4C), there is a shift in the temperature regime in the US, where the greatest heat wave events 

will double in duration and last for more than two months.  

Diurnal temperature range is an important indicator of climate change (Braganza et al., 2004) 

and is associated with various human health and environmental impacts (Huang et al., 2020; 

Whanhee Lee et al., 2020; Park et al., 2020, 2020). Studies have shown that the diurnal 

temperature range is decreasing (He et al., 2022; Whanhee Lee et al., 2020) with climate change 

and that increases in nighttime temperatures have a greater impact on human health than changes 

in daily averages. Hot nights are becoming more frequent and intense (Batibeniz et al., 2020). 

While both maximum and minimum temperatures are predicted to rise throughout the US during 

every season of the year (Figures S5.3, S5.4), the difference between maximum and minimum is 

not uniform (Figure 5.5). The RegCM4 ensemble projects a decrease in the diurnal temperature 

range from 6.82⁰ ± 0.04⁰ C to 6.65⁰ ± 0.04⁰ C. The DBCCA ensemble, however, projects an 

increase in the diurnal temperature range from 6.71⁰ ± 0.05⁰ C to 6.91⁰ ± 0.05⁰ C. The 

magnitudes of the trends in the diurnal temperature range are similar between the two ensembles, 

but the direction of change is the opposite.  

5.5 Discussion 

The RegCM4 and DBCCA ensembles and the three observational datasets of maximum 

temperature generally follow the same trend by region from 1980–2020 (Figure 5.2). The results 

suggest that the observations match the downscaled ensembles better than the CMIP6-Raw 

ensemble in these regions, highlighting the necessity of downscaling for the needs of impact 
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Figure 5.5 Diurnal temperature range over time. The difference between maximum and 

minimum daily temperature is averaged annually for the DBCCA and RegCM4 ensembles and 

the original resolution CMIP6 ensemble. The shaded area shows the standard error.  

assessment. This is to be expected; the point of downscaling is to increase regional accuracy, and 

it is reassuring that both downscaling approaches match reference meteorology. However, 

looking only at annual averages over the entire US masks important regional and seasonal trends 

and leads viewers to conclude that statistical and dynamical downscaling produce similar results 

(Figures S5.3, S5.4). Instead, examining trends at a seasonal scale (Figure 5.3) demonstrates the 

importance of using dynamical downscaling for future climate projections whenever available, 

especially since seasonal mean temperature changes are the driving factor behind projected 

future heat waves (Argüeso et al., 2016). Using the original CMIP6 ensemble results to assess 

regional impacts and develop mitigations could mislead users and decision-makers. The DBCCA 

and RegCM4 ensembles produce estimates of regional temperature that are markedly different 

from the original CMIP6 outputs (Figure 5.2). The DBCCA ensemble results project that much 

of the western US will experience maximum daily temperatures 4-5⁰ warmer in the fall and 

spring than historical estimates, while the RegCM4 ensemble projects a 3-4⁰ increase over much 

of the CONUS (Figure 5.3). This is a large difference in a single season has important 

implications for the environmental events that are dependent on temperature such as false spring 

risk and other phenological indicators that capture risk metrics for ecological and economic 
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damage (Wootten et al., 2024). Choosing statistical downscaling as a method here results in 

overly pessimistic conclusions about the impacts of heat waves under SSP5-8.5. Downscaling 

daily maximum temperature projections becomes more challenging under greater warming 

conditions, during the summer, and in some particular geographic areas such as regions with 

steep elevation changes (Dixon et al., 2016; Mendoza Paz & Willems, 2023). In fact, 

downscaling contributes substantial uncertainty to future climate estimates, particularly when 

projecting extremes, in regions with complex terrain, or where historical observations do agree 

(Lafferty & Sriver, 2023). These factors are all extremely relevant for calculating future heat 

wave risk, meaning that statistical downscaling is not sufficient to capture the nuances of 

regional-scale trends.   

Figure 5.4 demonstrates that when comparing trends of future and historical warming, the 

threshold and reference window do not influence the slope of the trend; however, the threshold 

selected does impact the projected magnitude. The HWMI increases as the percentile threshold 

decreases because more heat wave events are counted. Even with the most conservative 

threshold (97.5%), both the DBCCA and RegCM4 ensembles predict at least a doubling of the 

duration of the greatest heat wave event in a year by the late 2050s under SSP5-8.5 (Figure 

5.4C). That means that the probability of a heat wave lasting a month today, in the early 2020s, 

would be equivalent to the likelihood of a heat wave lasting over 2 months by the late 2050s. 

Such a projected change is unsustainable from a human health and ecological perspective, with 

both direct and secondary die-offs likely in affected ecosystems (Breshears et al., 2021). Even 

wintertime heat waves and mild winters in general, while not necessarily as hazardous to human 

health, can seriously disrupt ecological processes that rely on consistently cold winters (Colucci 

et al., 2017; Flanigan et al., 2020; Kreyling et al., 2015).  

The pronounced interannual variability in projected heat wave characteristics (Figure 5.4) is 

likely due to the influence of both large and local scale conditions that form heat waves in 

different regions of the US, such as mid-latitude circulation anomalies or reduced maritime cool 

air advection off the west coast (Budikova et al., 2019; Teng et al., 2013; Z. Yang et al., 2019). 

However, the RegCM4 and DBCCA ensemble projections do not necessarily agree on the 

magnitude of this variation, or the overall trend in the underlying data (Figure 5.5). This 

difference in diurnal temperature range projections between downscaling techniques can be 

explained by statistical downscaling relying on fixed relationships and being unable cannot 
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account for the future impact of increased warming, especially since it does not take into account 

local topography and land use (Jang & Kavvas, 2015). It has been shown that differences 

between statistical and dynamical downscaling methods are larger for future projections than the 

historical period (Walton et al., 2020).   

The predicted trend for the diurnal temperature range from the RegCM4 ensemble is consistent 

with a global study evaluating CMIP5 models that projected a reduction in the average diurnal 

temperature range under RCP8.5, though not all models agreed on the sign or the magnitude of 

the change (Lindvall & Svensson, 2015). The DBCCA ensemble, however, predicts a current 

and future trend of the same magnitude but in the opposite direction (e.g., increasing diurnal 

temperature range). Both the DBCCA and RegCM4 ensembles project similar diurnal 

temperature ranges, much higher than that of the raw CMIP6 ensemble. My work demonstrates 

that model selection, timeframe, region, and the choice of downscaling technique can impact the 

magnitude and sign of results, leading to regionally varying conclusions (Ashfaq et al., 2016). In 

this case, dynamical downscaling is the more trusted method, but because it is time-consuming 

and computationally costly, it may not be available to all researchers. Choosing statistical 

downscaling instead would result in a completely different conclusion about the trend in the 

diurnal temperature range under SSP5-8.5. This result emphasizes the importance of caution, 

clarity, and domain-specific knowledge when communicating model results and uncertainty to 

non-scientists for use in policy and climate change adaptation work. 

5.6 Conclusions 

The association between heat waves and mortality, morbidity, and ecosystem stress is well-

established. It has already been established that heat waves are increasing in frequency, intensity, 

and duration due to climate change. However, we investigate this trend on a regional scale using 

new fine-resolution climate data ensembles and compare two downscaling approaches to other 

commonly used meteorology products.  We systematically investigate trends in US heat waves 

on a regional scale in the near future with two separate ensembles of dynamically and 

statistically downscaled models. We compare the model estimates to meteorological 

observations and assess the sensitivity of a heat wave index to four percentile thresholds and 

three reference timeframes. My work shows that the downscaling method, heat wave index, and 

temporal and spatial scale directly influence model estimates, although heat waves are projected 

to increase in magnitude and duration regardless of the index used for analysis. We demonstrate 
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the importance of dynamical downscaling a fine spatial scale for regional insights into processes 

occurring on an intra-annual basis. My results emphasize the need for urgent preparations for a 

hotter future climate and the importance of state-of-the-science modeling techniques for fine-

resolution, domain-specific climate projections. 
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Chapter 6 Mapping Long-Term Trends in Soil Organic Carbon with Machine Learning 

6.1 Mapping Soil Organic Carbon 

Soil organic carbon (SOC) is a critical element of the global carbon cycle because soil can be 

both a sink and a source of carbon emissions. Carbon is captured in the soil through litterfall, 

rhizodeposition, and root or rhizome death in the soil [1] and carbon is emitted due to 

disturbances such as fire, tilling, clearing vegetation, and erosion [1–3]. SOC greatly impacts 

microorganism abundance and soil health [4] and in turn is influenced by vegetation, 

temperature, and precipitation [5]. The global SOC pool is three times greater than that of above-

ground vegetation [6] and because it is relatively easy to modify with human intervention such as 

land management practices [7], it will likely play an important role in mitigating climate change 

impacts [8]. In particular, industries wishing to decarbonize by replacing fossil fuels with 

biofuels need to complete life-cycle assessments of their new fuel type. This requires a deep 

understanding of how carbon is lost or gained in soils and how the influence of biofuel 

feedstocks impacts carbon cycling. For example, decarbonizing industries such as aviation 

require biofuel feedstocks; however, knowing where they can be grown to sequester carbon 

rather than release carbon is still a large unknown [9]. Decarbonizing aviation is an important 

step in reaching net-zero GHG and mitigating climate change and biofuels have an important 

role to play in controlling induced land-use change [10]. However, our understanding of soil 

carbon dynamics is poorly constrained because of the lack of complete parameterization of soil 

carbon stocks [1]. A substantial part of the uncertainty is the lack of spatially and temporally 

continuous maps of baseline SOC.  

Based on long-term historical global land use changes, major SOC losses are associated with 

intensive agricultural practices and degraded grazing lands [11] and there are greater losses of 

SOC in boreal forests and SOC-rich soils due to warming [12]. However, in the US there are 

numerous conflicting maps of SOC and the differences in estimated SOC from these various 

studies and methodologies are greatest in lands that have a high SOC content, meaning the 

regions that are the greatest contributors to carbon sequestration are also the least well 

understood [13]. One issue is that the regional environment is extremely important in 

determining SOC formation, but in some places, the local climate has a much greater influence 

and this nonlinear relationship is not consistent across different ecoregions [14] meaning that the 

primary driver of carbon sequestration – land cover change, carbon dioxide levels, nitrogen 



74 

deposition - can be different in different areas [15]. This is particularly important to get right 

because, otherwise, the expansion of biofuel crops could end up decreasing carbon sink capacity 

in newly planted lands [16]. 

Our work therefore aims to improve SOC baseline estimates in the US and investigate long-term 

trends in land use and climate change with the overall goal of improving our understanding of 

carbon cycling in complex environments. Although gridded estimates of SOC in the US do exist, 

the lack of explicit uncertainty quantifications and the large variation of SOC magnitude and 

distribution makes them challenging to rely on, especially for fine-resolution applications [17]. 

We use machine learning to overcome these challenges, and in particular, a comparison of 

machine learning techniques from the literature, rather than selecting a single technique that has 

been used in past approaches. We also break down SOC drivers by region and climate conditions 

to emphasize the spatial heterogeneity of SOC and the influence of historical conditions.  

The Soil Survey Geographic Database (SSURGO) and the Digital General Soil Map of the US 

(STATSGO2) database provide soil property data for the majority of the USA. However, these 

measurements are not spatially or temporally continuous. The US Geological Survey (USGS) 

used SSURGO and STATSGO2 data to estimate SOC storage for a single year in 2009 [18]. 

While the USGS map covers the conterminous USA (CONUS), uncertainties are hard to estimate 

due to spatial extrapolation for regions with incomplete measurement coverage. Spatially 

continuous SOC estimates for the US from 1991-2011 are also available from NASA [19,20]. 

These gridded estimates were derived from field data and environmental variables using a 

machine learning approach: a random forest regression within a simulated annealing framework. 

However, this work does not extend to the present and the SOC estimates are mapped at a fairly 

coarse resolution (250 m).  

Other efforts focused on mapping SOC have incorporated remote sensing techniques and 

machine learning to increase monitoring capacity and resolution and enable better representation 

of SOC fluxes [21].  Venter et al. used a machine learning workflow – a random forest algorithm 

– with imagery from NASA/USGS’s Landsat 5, 7, and 8 satellites to map SOC stocks in South 

Africa [3]. Work in the Mediterranean region also relied on Landsat but instead used stochastic 

gradient tree boosting to predict SOC distribution across the landscape [22]. Tian et al. 

developed a different approach, using a random forest model to map soil erosion, an import 

influence on soil carbon pools, from environmental variables and the normalized difference 
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vegetation index (NDVI) from the Moderate Resolution Imaging Spectroradiometer (MODIS), 

onboard NASA’s Terra satellite [23]. A similar study with Landsat relied on regression kriging 

[24]. Recent work with ESA’s Sentinel satellite demonstrates a reasonable capacity to predict 

and map SOC in bare soils [25,26]. In general, however, approaches that require bare soil are 

geographically limited due to the lack of ground-based observations or, in the case of 

hyperspectral imagery with bare soil require significant spectral preprocessing [27]. Research on 

the spatial and vertical distribution of SOC in Canadian soils relied on a random forest model 

and NDVI to create a map of SOC concentration [28]. Estimates of SOC with the US 

Department of Agriculture’s Rapid Carbon Assessment (RACA) data using a random forest 

model demonstrate the potential for SOC stock prediction in forested lands [29].  Other work 

using RACA data compared gradient boosting, random forest, and extreme gradient boosting 

methods to predict SOC stocks across the US using earth system model outputs [30]. Work in 

Argentina predicted SOC stocks based on weighted averages of annual NDVI such that the 

current estimates were based on historical NDVI values [31]. One study in Brazil found that clay 

content helped predict the spatial distribution of SOC [32]. However, they relied on a single date 

of Landsat imagery which does not adequately reflect the dynamics of crop growth over time and 

thus their model cannot be applied to additional dates or locations. One study in China relied on 

a timeseries of NDVI because the land use change data were not detailed enough to represent the 

variations in different agricultural management practices or fine-scale plant productivity [33]. 

Our work builds upon and unifies these approaches by using all available soil observations in the 

US and incorporating satellite imagery from the Landsat archive for more complete spatial 

coverage. Our approach improves upon previous work by incorporating more soil measurements 

but fewer other predictor variables, predicting SOC at a higher resolution, including changes 

over time, rigorously comparing machine learning algorithms rather than selecting a single 

method from a prior study, and putting our work into context with past literature. 

6.2 Methods and Data 

We used all available SOC measurements in the US from the International Soil Carbon Network 

version 3 database (ISCN) (L. Nave et al., 2016), the World Soil Information Service (WOSIS) 

(Niels H. Batjes et al., 2017), and the RACA program. We also included observations from the 

Soils Data Harmonization Database (SoDaH) (Wieder et al., 2021), and Sanderman et al.’s work 

on soil carbon related to land use change (Sanderman et al., 2017). We ensured that all 



76 

measurements were within the CONUS and taken after 1984 when Landsat 5 was launched. 

Landsat was chosen because of the combination of relatively fine resolution (30 m) and 

extremely long record (1984 – present). While NDVI products from finer spectral and spatial 

resolution satellites do now exist for the most recent years of the observational record, using 

multiple satellite products or switching between satellite products would increase the 

observational error already inherent in the atmospheric correction and scaling process. 

We then harmonized the datasets, ensuring that all of the observations had coordinates in the 

same projection, at least a 30 cm deep profile, a year associated with the measurement, and no 

error flags. In many cases, we had to find the original study in order to locate the exact 

coordinates and date of the soil sample. When samples had a place or town rather than 

coordinates listed, we looked up the latitude and longitude. For observations reported in 

concentrations rather than mass per unit area, we converted the measurement for a given layer 

using bulk density, when available (Fowler et al., 2023; Tadiello et al., 2022). We then 

aggregated each profile to be a single value representing the total SOC for 0 – 30 cm, removing 

deeper or incomplete layers. The Intergovernmental Panel on Climate Change (IPCC) 

recommends 30 cm as a standard for measurements and comparisons, as most accumulations and 

losses occur in the upper soil layers (IPCC, 2019). The SOC values were highly positively 

skewed and so were transformed with a logarithmic function before modeling and then back-

transformed for meaningful mapping when applying the machine learning algorithm.  

Elevation was extracted for each soil sample location from a 10 m digital elevation model 

(DEM) of the CONUS, publicly available from the USGS. Slope and aspect were calculated 

from the DEM in ArcGIS Pro. A raster of bedrock geology was downloaded from the USGS. 

Clay content was extracted from the Unified North American Soil Map (S. Liu et al., 2014). 

Annual maximum and minimum temperature and annual precipitation were extracted from 

Daymet version 4, a 1 km gridded weather and climate product based on long-term observations 

(P. E. Thornton et al., 2021), for each observation location. Soil moisture was extracted from the 

European Space Agency (ESA) Climate Change Initiative (CCI) soil moisture maps, publicly 

available on the ESA’s website (European Space Agency, 2022). Historical and modeled land 

use raster were available from the US and the land use category was extracted for each soil 

sample location and date (T. Sohl et al., 2016; T. L. Sohl et al., 2014). 
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Annual NDVI maps of the CONUS were created in Google Earth Engine for 1985-2022 using 

Landsat 5, 7, and 8 pixels. Clouds and haze were removed to improve landscape change 

detection and NDVI was calculated per pixel as  

𝑁𝐼𝑅 − 𝑅

𝑁𝐼𝑅 +  𝑅
 

where NIR is near-infrared, and R is red. We found the median, 5th percentile, and 95th percentile 

for each year.  

All further analysis was done in R (R Core Team, 2022). We stratified our dataset into validation 

and training such that 80% of the locations were training and 20% were designated as validation 

(Figure S6.1). Because some locations had multiple samples, this means that all locations with 

multiple samples were either separated into validation or training and were not split between the 

two. We constructed a linear regression model to predict SOC from average annual maximum 

and minimum temperature, average annual precipitation, bedrock geology, elevation, slope, 

aspect, clay content, latitude, longitude, soil moisture, and NDVI for the current year and 

previous 5 years, and land use for the current year and previous 5 years. We created a linear 

regression model to understand how much of the variation in SOC can be explained by a simple 

linear relationship without machine learning. As expected, there is not a strong linear 

relationship between the predictor variables and SOC; for example, a one cm/year increase in 

precipitation across a region does not translate directly to a 1 mg/ha increase or decrease in SOC 

stocks across the region. Then multiple machine-learning models were constructed using the 

same variables: 

1. Random Forest (RF), R Package: randomForest 

2. Regression Kriging, R Package: gstat 

3. Extreme Gradient Boosting (XGB), R Package: xgboost 

4. Generalized Boosted Regression (GB), R Package: gbm 

5. Support Vector Machine (SVM), R Package: e1071 

6. Artificial Neural Network (ANN), R Package: neuralnet 

7. K-Nearest Neighbors (KNN), R Package: caret 

Error and accuracy were assessed with root mean squared error (RMSE), mean absolute error 

(MAE), R2 values, and the slope of the predicted vs. observed line. The model with the lowest 

RMSE and MAE and highest R2 – the random forest (Table 6.1) – was selected to apply to the 
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CONUS for all years with available input data. Because we needed the previous 5 years of NDVI 

values for creating SOC maps by interpolation with the Random Forest, this limited our analysis 

to 1990 (1985, when Landsat 5 was launched + 5 years) to 2022.  

Further data analysis was done using the US Department of Agriculture (USDA) farm resource 

regions (Figure 6.1), which are a set of regions in the CONUS where counties are grouped 

together based on farm attributes and commodities produced to better delineate geographic 

specialization.  

6.3 Results 

The Random Forest model was the algorithm with a combination of the highest R2 value and the 

lowest RMSE and MAE values for the validation dataset (Table 6.1). MAE and RMSE are 

measured in mg/m2. While the ANN and the KNN had the lowest overall MAE and RMSE 

values, the slope of the line between the predicted and observed was only 0.28 (for the ANN) 

and 0.32 (for the KNN) with similar R2 values. Other algorithms had slopes closer to 1 with 

higher R2 values. This means that the KNN and ANN models may be the most accurate – 

predicting values at the same scale or order of magnitude – but they are not effectively 

explaining the variation in SOC based on the predictor variables.   

Applying the Random Forest algorithm to the CONUS to interpolate between soil observations 

results in spatially and temporally consistent 30 m resolution maps. Variable importance is 

shown in Figure S6.2 and the fit of the model is shown in Figure S6.3. We produced a map for 

each year from 1990-2022 (available in the GitHub code repository) and calculated the mean 

(Figure 6.2A).  

Mean soil carbon values are not consistent between USDA farm resource regions in the US 

(Figure 6.3) and one would not expect them to be given the different sizes of the regions (Figure 

S6.4), different land use types, soil types, and climates, but the mean shows this discrepancy 

particularly well. There is little interannual variation but there are large regional differences. The 

regions with the lowest total SOC estimates were the Mississippi Portal (1.94 ± 0.03 Pg), the 

Eastern Uplands (4.35 ± 0.07 Pg), and the Southern Seaboard (5.00 ± 0.15 Pg). The total SOC 

estimate for the Northern Great Plains is 6.63 ± 0.21 Pg. For the Prairie Gateway, it is 7.81 ± 

0.37 Pg and for the Heartland, it is 6.73 ± 0.07 Pg. The highest SOC estimates were found in the 

Basin and Range (11.24 ± 0.22 Pg), Fruitful Rim (8.60 ± 0.28 Pg), and the Northern Crescent 

(7.69 ± 0.09 Pg).  
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Figure 6.1 Farm Resource Regions, from the USDA. 

 

Table 6.1 Statistical description of model fit for the machine learning algorithms and the linear 

regression model. 

 

 

Model MAE RMSE Slope R2 MAE RMSE Slope R2

Linear Regression 0.56 0.71 0.33 0.33 0.59 0.74 0.31 0.30

Random Forest 0.30 0.40 0.79 0.84 0.42 0.57 0.54 0.59

Gradient Boosting (GBM) 0.57 0.71 0.22 0.42 0.60 0.73 0.22 0.42

Gradient Boosting (XGBoost) 0.21 0.28 0.86 0.90 0.48 0.64 0.56 0.49

SVM 0.45 0.64 0.52 0.46 0.49 0.67 0.50 0.44

Kriging 0.45 0.60 0.42 0.59 0.72 0.90 0.09 0.05

ANN 0.14 0.18 0.35 0.30 0.15 0.18 0.28 0.24

KNN 0.35 0.48 1 0.27 0.35 0.5 0.32 0.22

Training Validation



80 

 

Figure 6.2 A) Mean SOC (kg/m2) from 1990-2022 in the top 30 cm of soil. B) The slope of the 

trendline in SOC stocks from 1990 – 2022 by pixel. Blue indicates an estimated gain in SOC and 

red indicates an estimated loss in SOC. 
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Figure 6.2 (Continued) 
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Figure 6.3 Changes in annual SOC stocks by farm resource region. 
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Using the land cover rasters from the USGS that were part of the input datasets for the Random 

Forest algorithm, we separated land use classes by year and calculated the average total SOC 

value for each year in each land use class. We find that of the 60.4 Pg C stored in the top 30 cm 

of CONUS soils, about a third of it is stored in shrubland and grassland soils and another third is 

stored in agricultural soils (Figure 6.4). Forested soils make up around a quarter of the total and 

the rest is split between wetlands, urban areas, barren lands and mining, and water and 

permanent ice or snow.  

The SOC stock in land areas that experience high annual temperatures and precipitation remains 

consistent at close to 65% of the total (Figure 6.5), even as the land areas that meet this 

qualification may change from year to year. The annual percentage of SOC in land areas that 

have experienced higher than usual temperatures and precipitation rates (greater than the 95th 

percentile of the entire time period for each pixel) for that year are shown in Figure 6.5.  

6.4 Discussion 

Based on the difference in error metrics between the training and validation datasets, the 

machine learning models are overfitting the training data and therefore are not fully capturing the 

relationships between the input layers and the soil carbon observations. The linear regression, on 

the other hand, has nearly identical error metrics describing the relationship between the input 

layers and the SOC observations in both the training and validation datasets, meaning that 

around 30% of the variation in SOC (from the R2, Table 6.1) value can be explained by a linear 

relationship between climate, topography, soil moisture, greenness (NDVI), and soil organic 

carbon. Soil moisture is positively correlated with SOC sequestration since water availability is 

crucial for plant growth, however, soil moisture also directly impacts the decomposition rate 

(Védère et al., 2022). Similarly, increased temperatures promote litter decomposition (Gregorich 

et al., 2017) but this is offset by the CO2 fertilization effect expected with climate change 

(Davidson & Janssens, 2006). Topography has a similar impact where SOC increases with 

elevation due to cooler temperatures and more water storage capacity, but biomass inputs and 

soil thickness decrease at higher elevations, leading to lower SOC sequestration (Patton et al., 

2019). The machine learning algorithms, particularly the Random Forest, improve upon this 

understanding by quantifying these non-linear relationships. One way of doing this is, for 

example in the case of the KNN, to memorize the training data; the end result of applying this 

function is a very low R2 value for the validation dataset and an output map of soil carbon that is 



84 

 

Figure 6.4 SOC stocks by land cover category in the CONUS, averaged from 1990-2022. 
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Figure 6.5 Annual percentage of SOC stocks contained in land areas with maximum 

temperatures greater than the 95th percentile of the maximum temperature from 1990-2022 (red), 

with maximum temperatures less than the 95th percentile of the maximum temperature from 

1990-2022 (pink), with annual precipitation greater than the 95th percentile of the annual 

precipitation from 1990-2022 (dark blue), and with annual precipitation less than the 95th 

percentile of the annual precipitation from 1990-2022 (light blue). SOC stocks are calculated on 

a per pixel basis, with each pixel either exceeding or being less than the 95th percentile of the 

entire time period for that pixel.  
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Table 6.2 Modeled SOC values for the CONUS from recent literature. My study is highlighted in 

green. Acronyms are included below the table for improved reading comprehension. 

Study SOC 

(Pg 

C) 

Resolution Method SOC 

Datasets 

(CONUS 

only) 

Time Period 

Bliss et al., 2014 

(using 

SSURGO) 

29.3 30 m percentage of 

SOM from soil 

surveys 

SSURGO, 

STATSGO2 

Not stated 

Wang et al., 

2024 

35.4 1 km multivariate 

geographic 

clustering, RF 

ISCN, 

NEON 

Soil samples from 

1920s to 2010s, 

bioclimatic 

variables from 

1970-2000, 

MODIS from 

2000-2015 

HWSD-NCSCD 33.4 1 km Taxotransfer 

procedure 

ISRIC-WISE Not stated 

Poggio et al., 

2021 (SoilGrids 

2.0) 

33.9 250 m recursive feature 

elimination 

WoSIS Climatic variables 

and vegetation 

from 2001-2015, 

soil samples from 

1960-2020 

Guevara et al., 

2020 

39 250 m RF, recursive 

feature 

elimination, 

simulated 

annealing 

ISCN, 

RaCA,  

1991-2010 

Chaney et al., 

2019 

59.2 30 m ANN, RF POLARIS 

soil series, 

NASIS, 

SSURGO, 

STATSGO2, 

NCSS SCD 

Not stated 

Rubin et al.  60.4 30 m RF, GB, XGB, 

ANN, SVM, 

KNN, kriging, 

linear reg. 

ISCN, 

RaCA, 

WOSIS, 

SoDaH, 

Sanderman 

et al., 2017 

1990-2022 

Gautam et al., 

2022 

64.2 100 m RF, GB, XGB RaCA 2014-2100 

Batjes, 2016 
97.7 1 km Taxotransfer 

procedure 

ISRIC-

WISE, ISCN 

Not stated 
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Table 6.2 (Continued) 

Tao et al., 2020 77.4 - 

101.2 

0.5° Bayesian 

Markov Chain 

Monte Carlo 

WoSIS MODIS from 

2000-2015 

Hengl et al., 

2017 

(SoilGrids250m) 

102.4 250 m RF, GB, ANN WoSIS Not stated 

Ramcharan et 

al., 2018 

106.2 100 m RF, GB NCSS, NASIS, 

RaCA 

Not stated 

 

Name Acronym 

National Cooperative Soil Survey Characterization  NCSS 

National Soil Information System NASIS 

International Soil Reference and Information Centre World Inventory of 

Soil Emission Potentials  ISRIC-WISE 

National Ecological Observatory Network NEON 

Instituto Nacional de Estadística y Geografía INEGI 

Institute of Soil Science ISS 

European Soil Data Centre ESDAC 

Harmonized World Soil Database HWSD 
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not meaningful and does not accurately reflect reality. However, the Random Forest is doing a 

reasonable job at predicting SOC in new locations and does improve upon the linear regression; 

while the output maps are not perfect, they do reflect the actual spatial patterns of SOC in the 

CONUS in a meaningful enough way to derive useful climate and land use relationships from 

them.  

There are large differences in estimates of soil carbon stocks from different global and regional 

databases (Table 6.2) but predictions for the US do tend to be underestimated when compared to 

field data (Tifafi et al., 2018). One study used SSURGO filled from STATSGO2 to estimate 

SOC in the CONUS from 0 – 30 cm and found 29.3 Pg C. The Harmonized World Soil Database 

(HWSD) in combination with the Northern Circumpolar Soil Carbon Database (NCSCD) 

produced an estimate of 33.4 Pg C (Z. Wang et al., 2024). SoilGrids 2.0 maps estimated at 33.9 

Pg C (Poggio et al., 2021). A recent study using multivariate geographic clustering and a random 

Forest model found that total soil carbon stocks in the CONUS total 35.4 ± 1.8 Pg at a depth of 0 

– 30 cm  (Z. Wang et al., 2024). A modeling effort across Mexico and the CONUS using a 

Random Forest model estimates at 0-30cm depth from 1991–2010 of 39 Pg across the CONUS 

(Mario Guevara et al., 2020). The Probabilistic Remapping of SSURGO (POLARIS) database of 

soil property maps predicts 59.2 Pg across the CONUS (Chaney et al., 2019). One study of SOC 

in the US using observations and earth system model (ESM) projections with machine learning 

estimated present-day stocks at 64.2 Pg C for up to 1 m depth. The ESM-only estimate was 69.4 

Pg C (Gautam et al., 2022). RACA estimates total carbon storage in the CONUS is 73 Pg but 

they do not explicitly state the depth of the measurements (Sundquist et al., 2009). Different 

methods to improve the representation of SOC distribution in a land biogeochemical model 

(CLM5) produced estimates ranging from 77.4 to 101.2 Pg C (Tao et al., 2020). The World 

Inventory of Soil Property Estimates (WISE30) estimated that the total SOC stocks in the 

CONUS were 97.7 Pg C for 0 – 30 cm (N. H. Batjes, 2016). One commonly used dataset, 

SoilGrid250m, estimated 102.4 Pg C across the CONUS at 0 – 30 cm (Hengl et al., 2017). 

Calculation from soil property and class maps of CONUS at 100 m spatial resolution indicated 

106.2 Pg at 0 – 30 cm (Ramcharan et al., 2018). These are wide-ranging values, from a low of 

29.3 to a high of 106.2 Pg C for the same area for generally the same time period, although soil 

carbon changes slowly so any differences in timeframe are unlikely to account for such 

drastically different estimates. It has been demonstrated that predictors of SOC vary by spatial 
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scale (Adhikari et al., 2020) and so some of this large variation could be explained by the 

different resolutions of these studies which vary from 250 m (Hengl et al., 2017) to 1 km (Z. 

Wang et al., 2024). This issue of aggregation producing different results depending on the scale 

is known as the Modifiable Area Unit Problem (MAUP) in geographic research (Gehlke & 

Biehl, 1934). However, in this case, it is additionally complicated because the underlying 

datasets are not identical. Our approach seeks to harmonize a wide variety of datasets and create 

an informative and useful accounting of regional variations and total SOC in the US, including a 

comprehensive comparison of different machine learning methods that are commonly employed.  

6.5 Regional Differences 

The recent paper by Wang et al. (Z. Wang et al., 2024) on upscaling soil organic carbon 

measurements in the US to create a unified map relies on a representativeness analysis and a 

separate Random Forest model for each of the 20 regions they identify. This approach with 

multivariate geographic clustering demonstrates that different predictor variables have different 

importances in the location-specific Random Forest models, but it also means that the framework 

lacks some applicability outside of these regions. Where this analysis is particularly valuable, 

however, is in locating regions that have high uncertainty and therefore should be targeted in 

future SOC monitoring and field sampling efforts. Our results agree with theirs on the spatial 

pattern of SOC stocks: SOC generally decreases with latitude and the West and Rocky 

Mountains have particularly low values but also encompass a very large region (Figure 6.3). In 

these regions, many of the soils are aridisols, which are extremely soil moisture-limited and 

contain very little organic content. The Fruitful Rim and Prairie Gateway have been gaining SOC 

consistently since 1990 while every other region has remained closer to constant, potentially due 

to a combination of increased precipitation, reforestation, and relatively stable temperatures 

(Barnes et al., 2024; L. E. Nave et al., 2022). 

Additionally, Wang et al. make the argument that because the SOC observations within each 

region were not taken with the region already defined, this implies that the distribution is random 

in terms of environmental conditions. They also reason that some regions have particularly low 

representativeness as well as high uncertainty due to lack of sampling density. We do not 

disagree with the fundamental conclusion that more sampling in these areas would decrease 

uncertainty, but we do make the point that regions that are historically important in terms of SOC 

such as agricultural areas are likely to be more similar in terms of environmental characteristics 
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(higher representativeness) than the whole region and therefore oversampled in relation to the 

entire region. Our approach, rather, randomly separates the observations into training and 

validation datasets by location before creating a single Random Forest model for the whole 

CONUS. Our model instead relies on the interaction between variables across the entire 

landscape to interpolate SOC. This is consistent with other approaches that have shown that 

geochemical and climate predictors are relatively constant in importance across landscapes and 

depths (Yu et al., 2021). In fact, annual temperatures and precipitation do not greatly influence 

the interannual variation in SOC stocks across the CONUS (Figure 6.5). This means that some 

extreme events such as drought do not have as great an impact on SOC as feared, because of the 

short timescales involved. Drought reduces soil carbon content because of decreased plant litter 

input, but it also decreases CO2 flux because of the slowing rate of decomposition (Deng et al., 

2021). However, these effects are regulated by land cover type, meaning that the impact of a 

single drought is hard to see in the long-term SOC stocks averaged over the entire CONUS. This 

is a positive characteristic of the soil for long-term carbon storage since ideally carbon stored in 

the soil will not be quickly lost to the atmosphere every time the soil dries out. Other research 

has shown that drought and irrigation both produce slight increases in the soil C pool due to 

decreases in heterotrophic respiration and increases in new input material, respectively (X. Zhou 

et al., 2016).   

There is little year-to-year change in SOC stocks among regions with similar temperature and 

precipitation regimes, demonstrating that while climate does impact regional SOC totals, it is on 

much longer timescales than annual or even decadal.  

6.6 Land Use 

1. Forested Lands 

Our estimate of SOC in forested lands is 14.3 Pg C (Figure 6.4). A recent study of carbon stock 

averaged from 2001 to 2005 in the upper 20 cm of federal lands estimated that 8.7 Pg is stored in 

forested soils (Z. Tan et al., 2015). Forested federal lands are a significant portion of the US 

forested lands but are not representative of the total. One study used SSURGO with gaps filled 

from STATSGO2 and found that forested lands contain 7.4 Pg C (Bliss et al., 2014). Another 

study estimated that 31% of the total SOC in the CONUS is stored in forested soils, which 

according to our estimate would be 18.7 Pg C (Mario Guevara et al., 2020). Our estimate is in 

the middle of this range, potentially because we do not differentiate between forested lands that 
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have been disturbed through anthropogenic modification or management, fires, or other natural 

causes and undisturbed forested lands, given that the NDVI values for disturbed versus 

undisturbed forest would not significantly differ. SOC in forested soils is particularly susceptible 

to decline under these conditions (An et al., 2021) which would not be captured simply by 

NDVI, soil moisture, and broad land use categories. Our estimate could be high, however, 

because of the tendency of wetlands to be obscured by or misclassified as forested lands in land 

use classifications (Stewart et al., 2024). 

2. Shrublands and Grasslands  

Our estimate of SOC in shrubs and grasslands is 21.0 Pg C (Figure 6.4), with shrublands 

accounting for 9.9 Pg C and grasslands accounting for 11.6 Pg C. A recent study of carbon stock 

averaged from 2001 to 2005 in the upper 20 cm of federal lands estimated that merely 2 Pg C is 

stored in shrublands and grasslands on federal lands (Z. Tan et al., 2015); however, the 

percentage of federal lands that are shrublands or grasslands is low, given that 85% of grasslands 

are privately owned (Wyden, 2022). Another study estimated that 34.9% of the total SOC in the 

CONUS is stored in shrubland and grassland soils, which given our values would be 21.1 Pg C 

(Mario Guevara et al., 2020). Generally, researchers estimate that about a third of global soil 

carbon is stored in grasslands (Bai & Cotrufo, 2022); our estimate (at 34.5 %) agrees with that of 

the CONUS. However, shrublands and grasslands, while considered together here are not 

actually the same land use type, and many studies separate them. There is some disagreement 

about the role of shrublands in sequestering carbon; shrubland encroachment into grasslands, for 

example, has been shown to increase SOC content in topsoils (H. Li et al., 2016) but shrublands 

in China have been shown to store less SOC than grasslands (J. Ge et al., 2020). Research 

focusing exclusively on the difference between carbon storage in grasslands and shrublands in 

the US is limited because these regions are dried and so tend to uptake less carbon than forests 

and are further complicated by the dynamics of prevalent wildfire and regrowth cycles 

(Provencher et al., 2023).  

3. Wetlands 

Our estimate of SOC in wetlands is 2.8 Pg C (Figure 6.4). One recent study specifically focusing 

on carbon storage in US wetlands estimated that 11.52 Pg C is stored in wetland soils, mostly 

deeper than 30 cm. Their estimate for both the sampled (2.63±0.12 Pg C) and unsampled but 

interpolated (4.02 Pg C) population of wetlands for 0 – 30 cm is 6.65 ±0.12 Pg C. However, this 
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includes tidal saline wetlands and other inland wetlands that are not in our study area (Nahlik & 

Fennessy, 2016). A separate study of wetland soil carbon estimated that 8.4 Pg C is stored in 

inland wetlands in the first meter of soil (Uhran et al., 2021). One more study used SSURGO 

with gaps filled from STATSGO2 and found that wetlands total only 3.7 Pg C (Bliss et al., 

2014). Our estimate of SOC in wetlands is therefore likely incomplete; the lack of SOC 

observations from wetlands means that the Random Forest model is not trained to associate 

wetlands with high SOC values. Similarly, excluding both tidal and some inland wetlands means 

that those regions are also undervalued in terms of SOC storage.  

4. Croplands 

Our estimate of SOC in croplands is 19.6 Pg C (Figure 6.4). A recent study used SSURGO with 

gaps filled from STATSGO2 and found that grasslands, shrublands, and agriculture together total 

16.2 Pg C (Bliss et al., 2014). Other researchers estimated that 27% of the total SOC in the 

CONUS is found in agricultural soils, which given our estimate would be 16.7 Pg C (Mario 

Guevara et al., 2020). The carbon storage potential of croplands is a heavily debated issue 

because management practices contribute heavily to variations in SOC values and therefore have 

the potential to offset the impacts on SOC storage from climate change (Ren et al., 2020).  

Effects of land use change and land management are estimated to be 7-10 times larger than direct 

effects of climate change, excluding indirect effects such as wildfires (Beillouin et al., 2023). 

The effects of wildfires on soil carbon pools vary widely depending on fire extent and severity, 

soil type, tree species, elevation, slope, and ecosystem (Y. Cheng et al., 2023). Fires lead to 

carbon loss as both plant and soil biomass burn; however, during the fire recovery process, soil 

carbon increases as fires promote soil microbial activity and pyrogenic carbon is sequestered (Y. 

Cheng et al., 2023). We find, similarly, that there is no clear relationship between fire activity 

and SOC (Figure S6.4).  

Much of the gain in SOC in the CONUS over the last hundred years can be attributed to cropland 

expansion and nitrogen fertilizer use (Ren et al., 2020). Interventions like biochar and 

agroforestry have been shown to help rebuild SOC stocks in croplands (Chenu et al., 2019). 

However, there is no way to differentiate between land management practices in our maps 

without an additional dataset to label lands. For example, the Random Forest model may “know” 

that a specific field has had a cover crop over the winter because the NDVI value remains higher 
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than if it were bare soil; but it cannot say that that field has been managed with no-till vs. the 

plowing before planting.  

Intensive tillage has historically been highest in the Fruitful Rim, the Mississippi Portal, and the 

Southern Seaboard while the Prairie Gateway, Heartland, and Northern Great Plains have 

historically benefited from higher rates of reduced tillage and conservation tillage practices 

(Figure S6.5). These Midwestern areas are also the ones that have a more positive slope in the 

annual rate of SOC change while the most negative changes in SOC accumulation are all found 

in the Southern Seaboard, Eastern Uplands, and Northern Crescent (Figure 6.2B).  

6.7 Climate Change  

From a study on urban greenspaces, mapping SOC with a Random Forest model, we know that 

higher SOC levels are associated with colder, less variable climates, particularly in older 

undisturbed areas where vegetation can regrow (H. Guo et al., 2024). With the world warming 

due to the increased CO2 in the atmosphere there will be two effects: 1) more plant growth due to 

higher CO2 levels, leading to higher soil carbon, and 2) increased microbial activity due to the 

warmer temperature leading to more soil carbon loss (J. Liu et al., 2022). Overall, SOC will be 

reduced by 10.5% globally under 1.5 degrees C of warming (M. Wang et al., 2024). However, 

this effect will have regional variation. For example, one study showed that warming-induced 

vegetation growth canceled out soil carbon-climate feedback in the northern Asian permafrost 

region (J. Liu et al., 2022). In Florida, research showed that SOC sequestration under climate 

change was dependent on the land use type (Xiong et al., 2014) and in the Upper Midwest and 

Ohio Valley regions, research showed that SOC stocks will decline as temperatures and 

precipitation increase, although this will be dependent on the agricultural practices (Grace et al., 

2006).  

Nearly 50% of the SOC in the entire CONUS is located in regions that have experienced 

unusually high temperatures (Figure 6.5); this is not an indication of SOC or temperature 

changing rapidly, but rather an indication that the highest levels of soil carbon are located in 

places that are frequently experiencing both higher temperatures and more rainfall than the 

average. The precipitation patterns are more variable, with between 30% and 50% of the total 

SOC in regions that experience unusually high precipitation each year (Figure 6.5). Climate 

extremes can also impact the spatial distribution of carbon loss and the pattern of loss is not 

consistent across different ecosystems (M. Wang et al., 2024) or time periods because multiple 
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extreme events can impact the carbon cycle both concurrently and also with a time-lagged 

response (Arnone III et al., 2008; Frank et al., 2015). The timing of these climate extremes is 

important and different ecosystems experience different impacts (Frank et al., 2015). For 

example, croplands are affected differently than other ecosystems because they are managed, and 

interventions can happen quickly (such as irrigation to offset a drought). The soil-vegetation 

system is also reset regularly throughout the year, and the type and duration of crop cover are 

variable (Reichstein et al., 2013). Additionally, there is a temporal element because crops can be 

vulnerable to specific stressors at different stages of the year.  

6.8 Conclusions 

We compile a set of comprehensive georeferenced databases of SOC measurements in the 

CONUS and match the soil observations with climate, topography, soil moisture, and NDVI 

layers based on the date and location of the measurement. We then use this database to compare 

7 machine learning models and linear regression in terms of how well they can interpolate SOC 

stocks in the top 30 cm of soil across the region. We generate spatially and temporally 

continuous maps of SOC using the best performing model – the Random Forest – and evaluate 

land use and climate impacts on SOC. We demonstrate that the factors that influence SOC do so 

on long time scales and the lack of interannual variation is a desirable property for carbon 

capture and carbon sequestration on a landscape scale. Our maps and analysis have great 

potential to be a resource for further studies on soil biogeochemistry and the role of 

anthropogenic disturbance and land use changes. In particular, we include soil measurements 

from more sources than many of the previous research efforts, we compare a wide range of 

potential machine learning models instead of selecting a single one based on a single prior 

approach, and our covariate selection is relatively simple (unlike, for example, SoilGrids 2.0 

which includes around 400 covariate layers). We also suggest that future soil sampling should be 

better distributed to more accurately represent the variation in climate, topography, and land use 

across the landscape.  
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Chapter 7 Conclusions 

This research investigates several facets of global environmental change and demonstrates the 

effectiveness of machine learning for quantification of climate risks and uncertainties both in 

terms of historical data and in the near future.  

First, I update the 2010 deposition budgets for reactive nitrogen and sulfur deposition using 

measurement-model fusion to combine the broad spatial coverage of a model with accurate in-

situ measurements. This work emphasizes the necessity of combining models with observations 

wherever possible, to better capture regional patterns and to inform policy and decision-making. 

Future work to improve measurement-model fusion should investigate more advanced MMF 

methods to avoid the limitations associated with IDW such as surface artifacts and high error in 

regions with sparse measurements. It should also incorporate satellite remote sensing derived 

concentrations to improve model estimates where in-situ measurements are not available. 

Second, I evaluate the potential ecological impacts of enacting SAI globally in the near future by 

focusing on an often-overlooked aspect of SAI – sulfur deposition. My work compares sulfur 

deposition under G6sulfur with SSP2-4.5 and SSP5-8.5 scenarios. There are large discrepancies 

across models and injection strategies and as such it is challenging to compare projections by 

creating ensembles, as is the usual method for multidimensional climate variables. Much more 

work is needed in this area to incorporate nitrogen-sulfur interactions and bidirectional flux into 

the ESMs as well as ensuring land and fire models accurately capture sulfur dynamics and 

stratosphere-troposphere interactions. 

My fourth study investigates the trend of increasing heat wave frequency, intensity, and duration 

on a regional scale using new fine-resolution climate data ensembles and compares two 

downscaling approaches to other commonly used meteorology products. I systematically 

compare the model estimates from two separate ensembles of dynamically and statistically 

downscaled models with meteorological observations and assess the sensitivity of a heat wave 

index to four percentile thresholds and three reference timeframes. My work shows that the 

downscaling method, heat wave index, and temporal and spatial scale directly influence model 

estimates, although heat waves are projected to increase in magnitude and duration regardless of 

the index used for analysis. This demonstrates the importance of dynamical downscaling a fine 

spatial scale for regional insights into processes occurring on an intra-annual basis and 

emphasizes the need for urgent preparations for a hotter future climate. 
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And the fifth study is fundamentally about mitigating climate change through industrial 

decarbonization. Many efforts in the direction have begun, but without baseline maps of SOC, it 

is hard to accurately assess whether targets have been met. I compiled a georeferenced database 

of SOC measurements in the CONUS and matched the soil observations with climate, 

topography, soil moisture, and NDVI based on the date and location of the measurement. I then 

used this database to compare 7 machine learning models and a linear regression in terms of how 

well they can interpolate SOC stocks in the top 30 cm of soil across the region. I generated 

spatially and temporally continuous maps of SOC using the best performing model – the 

Random Forest – and evaluated land use and climate impacts on SOC. My work demonstrates 

that the factors that influence SOC do so on long time scales and the lack of interannual variation 

is in fact a desirable property for carbon capture and carbon sequestration on a landscape scale. 

These maps and analysis have great potential to be a resource for further studies on soil 

biogeochemistry and the role of anthropogenic disturbance and land use changes.  
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Appendix 

 
Figure S2.1. A world map showing the regions used to calculate the totals presented in Table 2.1. 

This figure is adapted from Tan et al., 2018, based on their region divisions. RBU is Russia, 

Belarus, Ukraine. 

 

Table S2.1. 2010 adjusted global wet and dry deposition in Tg N or Tg S. MMM indicates Tan et 

al.’s 2018 multi-model mean and MMF is this measurement-model fusion work with a 1⁰ 

interpolation distance. Total N deposition is 112.02 Tg N and total S deposition is 88.60 Tg S. 

Coastal means deposition on sea within 1 degree of the coastline. RBU is an abbreviation for 

Russia, Belarus, and Ukraine. Open ocean does not include near-land “coastal” waters. The 

regions can be seen in the world map in Figure S2.1. Regional changes greater than or equal to 

10% are bolded and italicized. 

 

MMM MMF MMM MMF MMM MMF MMM MMF MMM MMF MMM MMF

Region

North America 3.40 3.50 0.40 0.30 4.40 4.44 0.80 0.90 4.70 5.66 1.30 1.68

Europe 2.50 2.67 0.80 1.14 2.60 2.42 1.20 1.75 2.70 2.51 1.50 3.18

South Asia 8.60 8.60 1.00 1.00 3.60 3.60 0.70 0.70 3.70 3.70 1.00 1.00

East Asia 6.70 6.71 1.00 1.04 8.30 7.90 2.20 2.44 11.20 11.89 2.90 4.09

Southeast Asia 3.20 2.25 1.60 2.12 1.90 1.10 1.40 1.44 2.40 0.81 2.80 0.56

Australia 0.40 0.40 0.40 0.40 0.60 0.60 0.40 0.40 1.00 1.00 1.50 1.50

North Africa 0.70 0.70 0.20 0.20 1.40 1.40 0.40 0.40 1.00 1.00 0.50 0.50

Sub-Saharan Africa 3.40 3.40 0.40 0.40 4.70 4.70 0.60 0.60 2.70 2.70 0.70 0.70

Middle East 0.50 0.38 0.10 0.10 1.40 1.40 0.30 0.30 1.70 3.18 0.60 0.60

Central America 1.40 1.40 0.60 0.60 1.20 1.20 0.80 0.80 1.40 1.40 1.40 1.40

South America 3.80 3.80 0.30 0.30 3.40 3.40 0.30 0.30 2.40 2.40 0.60 0.60

RBU 1.80 1.66 0.30 0.08 2.40 2.12 0.50 0.46 3.60 5.10 0.90 1.17

Central Asia 0.50 0.50 0.00 0.00 0.60 0.60 0.00 0.00 1.20 1.87 0.10 0.10

Antarctica 0.10 0.10 0.00 0.00 0.10 0.10 0.00 0.00 1.40 1.40 0.00 0.00

Continental 37.00 36.07 7.10 7.68 36.70 34.98 9.70 10.49 41.00 44.62 15.60 17.08

Open Oceans 9.90 9.90 12.90 12.90 26.90 26.90

Global 46.90 45.97 7.10 7.68 49.60 47.88 9.70 10.49 67.90 71.52 15.60 17.08

CoastalNon-Coastal Coastal Non-Coastal Coastal Non-Coastal
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Table S2.2. 2010 adjusted global wet and dry deposition in Tg N or Tg S.MMM indicates Tan et 

al.’s 2018 multi-model mean and MMF is this measurement-model fusion work with a 5⁰ 

interpolation distance. Total N deposition is 120.36 Tg N and total S deposition is 89.93 Tg S. 

Coastal means deposition on sea within 1 degree of the coastline. RBU is an abbreviation for 

Russia, Belarus, and Ukraine. Open ocean does not include near-land “coastal” waters. The 

regions can be seen in the world map in Figure S2.1. Regional changes greater than or equal to 

10% are bolded and italicized.  

 

MMM MMF MMM MMF MMM MMF MMM MMF MMM MMF MMM MMF

Region

North America 3.40 3.66 0.40 0.30 4.40 4.54 0.80 0.90 4.70 5.67 1.30 1.69

Europe 2.50 2.68 0.80 1.14 2.60 2.42 1.20 1.75 2.70 2.51 1.50 3.18

South Asia 8.60 8.60 1.00 1.00 3.60 3.60 0.70 0.70 3.70 3.70 1.00 1.00

East Asia 6.70 5.96 1.00 1.04 8.30 6.80 2.20 2.44 11.20 11.89 2.90 4.10

Southeast Asia 3.20 1.25 1.60 2.12 1.90 0.60 1.40 1.44 2.40 0.81 2.80 0.57

Australia 0.40 0.40 0.40 0.40 0.60 0.60 0.40 0.40 1.00 1.00 1.50 1.50

North Africa 0.70 0.70 0.20 0.20 1.40 1.40 0.40 0.40 1.00 1.00 0.50 0.50

Sub-Saharan Africa 3.40 3.40 0.40 0.40 4.70 4.70 0.60 0.60 2.70 2.70 0.70 0.70

Middle East 0.50 0.38 0.10 0.10 1.40 1.11 0.30 0.30 1.70 3.18 0.60 0.60

Central America 1.40 1.40 0.60 0.60 1.20 1.20 0.80 0.80 1.40 1.40 1.40 1.40

South America 3.80 3.80 0.30 0.30 3.40 3.40 0.30 0.30 2.40 2.40 0.60 0.60

RBU 1.80 1.08 0.30 0.77 2.40 1.36 0.50 0.50 3.60 5.10 0.90 1.17

Central Asia 0.50 0.32 0.00 0.00 0.60 0.60 0.00 0.00 1.20 1.86 0.10 0.10

Antarctica 0.10 0.10 0.00 0.00 0.10 0.10 0.00 0.00 1.40 1.40 0.00 0.00

Continental 37.00 33.73 7.10 8.37 36.70 32.43 9.70 10.53 41.00 44.62 15.60 17.11

Open Oceans 9.90 16.00 12.90 19.30 26.90 28.20

Global 46.90 49.73 7.10 8.37 49.60 51.73 9.70 10.53 67.90 72.82 15.60 17.11

CoastalNon-CoastalNon-Coastal Coastal Non-Coastal Coastal
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Figure S2.2. Observed and modeled wet NH4

+ deposition in the US in 2010.Each NADP/NTN 

wet deposition measurement and the associated HTAP II, TDep, or MMF 𝑁𝐻4 wet deposition 

value. The black line is the 1:1 line. 

 

 
Figure S2.3. Observed and modeled wet NO3

- deposition in the US in 2010.Each NADP/NTN 

wet deposition measurement and the associated HTAP II, TDep, or MMF 𝑁𝑂3 wet deposition 

value. The black line is the 1:1 line.  
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Figure S2.4. The difference between MMF and MMM deposition with a 1-degree interpolation 

distance. A) MMF minus MMM reactive nitrogen deposition in North America (A1) Europe 

(A2) and East Asia (A3) in mg/m2. B) MMF minus MMM sulfate deposition in North America 

(B1) Europe (B2) and East Asia (B3) in mg/m2. 

 

 
Figure S2.5. The difference between MMF and MMM deposition with a 5-degree interpolation 

distance. A) MMF minus MMM reactive nitrogen deposition in North America (A1) Europe 

(A2) and East Asia (A3) in mg/m2. B) MMF minus MMM sulfate deposition in North America 

(B1) Europe (B2) and East Asia (B3) in mg/m2.  
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Figure S2.6. The difference between aggregated PRISM precipitation (1.9x1.9 degree) and 

modeled CAM-chem precipitation (1.9x1.9 degree) over the US in 2010. The greatest 

differences are in coastal areas. 

Figure S3.1. Modeled wet NO3 deposition in January 2010 from the STRF model. Missing areas 

over the Rocky Mountains and the northern Midwest indicate a lack of measurements from OMI 

for the month of January.  
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Figure S4.1. The trajectory of the G6Sulfur scenario. Copied from GeoMIP at Rutgers University 

(http://climate.envsci.rutgers.edu/geomip/geomip6.html).
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Figure S4.2.  Historical and projected A) G6Sulfur, B) SSP2-4.5, and C) SSP5-8.5 dry SO2 and 

SO42- deposition flux. 
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Figure S4.2 (Continued) 
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Figure S4.3. Precipitation flux from G6Sulfur GCM projections. 

Figure S4.4. Projected total S deposition (wet SO2, wet SO42-, dry SO2, dry SO42-) from each 

G6Sulfur model averaged over 20-year slices. 
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Figure S4.5. The percent change from SSP5-8.5 to G6Sulfur for CESM2-WACCM and 

UKESM1-0-LL SO2 and SO42- deposition by ecoregion, calculated as a difference in total 

deposition in Tg-S/yr. 
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Figure S4.5 (Continued) 

 

 

 

Figure S4.6. Percent of total land area by ecoregion for CESM2-WACCM. 
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Figure S4.7 Ecoregion 3 (deciduous needleleaf forests) in orange and 8 in pink (woody 

savannas) according to the A) CESM-WACCM and B) UKESM1-0-LL IGBP ecoregion maps. 
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Figure S4.8 The difference in precipitation flux from 2020-2040 to 2080-2100 under G6 Sulfur 

according to the A) CESM-WACCM and B) UKESM1-0-LL IGBP models. 
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Figure S4.9. The difference in precipitation flux from 2020-2040 to 2080-2100 under G6 Sulfur 

according to the CESM-WACCM and UKESM1-0-LL models by IGBP ecoregion. 

 

 

Figure S5.1. Study Area: The Conterminous US (CONUS). National Center for Environmental 

Information (NCEI) climate regions in the USA. 
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Figure S5.2. Predicted start day of the longest and hottest heat wave by threshold and window for 

each year in the US.  
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Figure S5.3. Average annual maximum temperature trends in the US. The daily maximum 

temperature is averaged by region for each year from 1980–2059. The y-axes vary by region. 

The shaded regions are the 95% confidence interval for the corresponding scenario. Daymet 

reference data were used for both the statistical (DBCCA) and dynamical (RegCM4) 

downscaling. The average annual minimum temperature is shown in Figure S5.4.  
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Figure S5.4. Average annual minimum temperature trends in the US. Daily minimum 

temperature is averaged by region for each year from 1980-2059. The y-axes vary by region. The 

shaded regions are the 95% confidence interval for the corresponding scenario. Daymet 

reference data were used for both the statistical (DBCCA) and dynamical (RegCM4) 

downscaling.  
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Table S5.1. The six CMIP6 global climate models used in this work (Rastogi et al., 2022). 

GCM Name Spatial 

Resolution 

 GCM Institute 

ACCESS-CM2 144x192 The commonwealth Scientific and Industrial Research 

Organization, Australia 

BCC-CSM2-MR 160x320 Beijing Climate Center 

CNRM-ESM2-1 256x128 French Centre National de la Recherche Scientifique  

MRI-ESM2-0 160x320 Meteorological Research Institute Japan 

MPI-ESM1-2-

HR 

192x384 The German Climate Computing Center 

NorESM2-MM 192x288 Multi-institutional, Coordinated Climate Research 

Project in Norway 
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Table S5.2. The 8 models and observations compared in Figure 5.2. 

Dataset Description Source Horizontal 

Grid 

Spacing 

CMIP6-

Raw 

6-model ensemble (See Table 

S5.1) 

World Climate Research 

Program 

1⁰ 

Daymet Daily surface meteorological 

summaries  

Oak Ridge National Lab 

Distributed Active Archive 

Center 

1 km 

CMIP6-

DBCCA 

Statistical downscaling of 

CMIP6 with DBCCA and 

Daymet meteorology 

Werner & Cannon, 2016 1/24⁰ 

NClimGrid Monthly global climate 

observations 

Global Historical 

Climatology Network  

1/24⁰ 

PRISM Daily climate estimates based 

on observations 

PRISM Climate Group, 

Oregon State University 

1/24⁰ 

CMIP6-

RegCM4 

Dynamical downscaling of 

CMIP6 with RegCM4 and 

Daymet meteorology 

Giorgi et al. 2012 1/24⁰ 
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Figure S6.1 A) Locations of the training dataset (80%). B) Locations of the validation dataset 

(20%). 
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Figure S6.2. Variable importance in the random forest model. 

 

Figure S6.3. The fit of the random forest model. 
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Figure S6.4. The change in annual SOC (kg/m2) in CONUS regions experiencing a wildfire, one 

year before the fire, one year after the fire, the year of the fire, and 5 years after the fire. Regions 

experiencing a wildfire were delineated using the USGS’s Monitoring Trends in Burn Severity 

(MTBS) dataset of annual burned area boundaries.  
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Figure S6.5. The percentage of farmland in each USDA farm resource region under intensive 

tilling for all crops for 8 select years. Regions not managed with intensive tilling are instead 

managed with either reduced tillage or conservation tillage which includes no-till, mulch, and 

ridge tillage.   
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