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Abstract. Increasing wildfire activity at northern high latitudes has the potential to mobilize large
amounts of terrestrial mercury (Hg). However, understanding implications for Hg cycling and
ecosystems is hindered by sparse research on peatland wildfire Hg emissions. In this study, we
used measurements of soil organic carbon (SOC) and Hg, burn depth, and environmental indices
derived from satellite remote sensing to develop machine learning models for predicting Hg
emissions from major wildfires in permafrost peatland of the Yukon-Kuskokwim Delta (YKD) in
southwestern Alaska. Wildfire Hg emissions during summer 2015 — estimated as the product of
Hg:SOC (0.38 £ 0.17 ng Hg g C), predicted SOC stores (mean [5%"-95"] = 9.1 [5.3-11.2] kg C
m2), and burn depth (11.3 [8.2-13.9] cm) — were 556 [164—1138] kg Hg, or approximately 6% of
Hg emissions from wildfire activity >60°N. Modeling estimates suggest that wildfire nearly
doubled summertime Hg deposition within 10 kilometers, despite advection of more than 75% of
total emissions beyond Alaska. YKD areal emissions combined with remote sensing estimates of
burned area suggest that wildfire Hg emissions from northern peatlands (25.4 [14.9-33.6] Mg y'!)
are an important component of the northern Hg budget. Additional research is needed to refine
these estimates and understand implications for Arctic and global Hg cycling.

Keywords: Hg, peat, emissions, transport, deposition, machine learning, uncertainty

Synopsis. Large stores of terrestrial mercury are vulnerable to increasing wildfire activity at
northern high latitudes, yet few studies exist on northern peatland wildfire mercury release. This
study estimates large releases and local deposition of mercury from peatland wildfires, with
implications for the Arctic mercury budget.
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1. INTRODUCTION

Mercury (Hg) is a naturally occurring toxic element that accumulates in food webs, posing a
health risk to exposed humans.! Uptake and oxidation of gaseous elemental Hg (Hg") by vegetation
and direct Hg!"! deposition are thought to be the main inputs to terrestrial ecosystems (~2,300 Mg
y1).23 Complexation of Hg! by organic matter stabilizes it in soils and represents a main global
sink of Hg.** For millennia, a cold climate at northern high latitudes slowed the microbial
decomposition of organic matter, promoting the accumulation of large amounts of Hg in upper soil
layers (26,000-72,000 Mg).%” Climate-driven warming and intensification of northern wildfire
activity®” threatens this reservoir of terrestrial Hg.!%!! Early estimates suggested that annual Hg
emissions from boreal wildfire (23-53 Mg y'!) were a major component of the northern (>60°N)
Hg budget.!!'> More recent budgets have suggested that Hg emissions from northern wildfire (8.8
Mg y )13 are minor relative to volatilization from terrestrial ecosystems (24 Mg y!), coastal
erosion (39 Mg y )15 riverine export (41 Mg y')!®!7 and annual dry and wet deposition to land
(118 Mg y!).!3 However, wildfire Hg emissions remain among the most uncertain flux terms in
northern Hg budgets (e.g., refs 18-20), in part because of limited observational data from northern
peatlands, where wildfires are thought to release up to several times more Hg per unit area
compared to other ecosystem types.!!

Assessing peatland wildfire Hg emissions, transport, and deposition is essential for improving
understanding of ecosystem Hg uptake. Hg emissions from a wildfire event are typically estimated
by measuring atmospheric composition,!>!8:2021 or by assessing changes in soil Hg stores before
and after fire.!! Laboratory and field experiments can also help to constrain Hg emissions and
speciation.!??223 Assessing wildfire Hg emissions at the regional or continental scale requires
information on burned area and potential Hg release per unit area. These can be derived from
observations or information on fuel load, fractional Hg loss (i.e., the proportion of fuel that
experiences Hg release), and biome-specific emissions factors (the unit mass of Hg released per
unit mass of fuel).!3?* Studies on peatland wildfire Hg emissions often assume complete release
of Hg.!>?* Such an assumption is consistent with Hg release from soils within the temperature
range of oxidation reactions observed in smoldering combustion that typify peat fire (300-
600°C).% Thus, uncertainties associated with Hg emissions at larger scales are primarily from
burned area estimates,?*2° fuel load (i.e., soil Hg stores), and emissions factors.

Smoke plume height and Hg speciation influence the transport and deposition of wildfire Hg
emissions.!?3Y Particles and chemical constituents within the planetary boundary layer (PBL) are
more likely to deposit at local to regional scales (10s to 100s km), whereas mixing into the free
troposphere (FT) promotes hemispheric to global transport.®!3? Injection of plumes above the PBL
requires convective energy, which depends on fire intensity and environmental conditions that
influence fire behavior (e.g., moisture content, topography).3!-3-** The long residence time of Hg’
in the atmosphere (~6-12 months) facilitates its long-distance transport, whereas divalent inorganic
Hg (Hg") species (including Hg"! sorbed to particles) deposit within days to weeks.?® In peatlands,
relatively high soil moisture reduces fuel availability and fire thermal energy, resulting in primarily
smoldering combustion.*® Consequently, peatland wildfires often have a relatively high particulate
fraction, low convective energy, and smoke plumes that mostly remain within the PBL (e.g., >80%
in boreal regions),*!3” with important implications for deposition to local and regional ecosystems.
However, limited research on the release and fate of Hg from northern peatland wildfires!!-??
hinders a more complete understanding of Hg cycling at northern high latitudes and ecosystem
implications.
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The main objective of this study was to empirically estimate Hg emissions from wildfires
during summer 2015 in permafrost-affected tundra peatland in the Yukon-Kuskokwim Delta
(YKD), Alaska, using measured Hg, SOC, and soil organic layer burn depth and environmental
indices derived from satellite remote sensing data. We simulated Hg transport and deposition to
local (YKD) and regional (Alaska) ecosystems using a global atmospheric chemical transport
model (GEOS-Chem) forced by the range of wildfire Hg emissions estimated in our work and
varying assumptions about smoke plume injection altitudes.*'7-3® We use estimates of IKU areal
Hg emissions and burned area from a remote sensing product specific for northern high latitudes
to scale wildfire emissions estimates to all northern peatlands, and consider implications for
northern ecosystems.

2. METHODS
2.1. Study Area

The Izaviknek and Kingaglia Uplands (IKU) (61.3°N, 162.9°W) span 3900 km? within the
YKD ecoregion. This rolling tundra landscape lies 10—-65 m above sea level, and is characterized
by peatland plateau-fen complexes and interconnected surface waters underlain by discontinuous
permafrost® (Figure 1). Vegetation in unburned areas primarily consists of lichen, low shrubs,
mosses, and sedges. Approximately 20% of the IKU (804 km?) has experienced wildfire since
1953, most of which occurred during three concurrent wildfires from late June to July, 2015 (443
km?)* (Table S1). Thus, the IKU offers an ideal environment to investigate peatland Hg release
from wildfire. Wildfires in the IKU have relatively low severity due to moderate to high soil

moisture. They typically combust surficial vegetation and organic matter in the top 15 cm of
s0il %41

2.2. Burn Depth Measurements

During summer 2019, burn depth (n = 832) was measured at 107 transects between rafts of
living moss that survived fire (Figure S1).*! Along each transect, burn depth was measured every
25 cm as the height between the burned soil surface and the pre-burn surface, which was
reconstructed using a taught line between moss raft tops. While post-fire thaw-driven terrain
subsidence (i.e., thermokarst) was not evident during fieldwork, measurements were not available
to assess its potential effect on burn depth estimates.

2.3. Unburned Soil and Vegetation Collection and Processing

Soils from unburned plots were collected, processed, and analyzed for organic carbon (SOC)
as detailed in ref 41. Soil cores 6 cm in diameter and ~30 cm long (n = 126) were collected in
unburned areas from 2017 to 2019. Organics were separated into vegetation, fibric, and mesic
layers following standard soil survey techniques.** Because burn depth never exceeded the depth
of the fibric layer,*! fibric material was homogenized, subsampled (~15 g), stored frozen, and used
in analyses. Additional details are provided in the Supporting Information (Text S1).

Dominant plant functional types (PFT) were quantified every 1 m along thirteen 30 m transects
at seven unburned sites using a point-intercept method.** At the end of each transect, aboveground
biomass was harvested from plots either 0.09 m? (2018, n = 12) or 0.25 m? (2017, n = 9) and stored
in separate paper bags for each PFT (lichen, evergreen shrub, deciduous shrub, moss, graminoid).
Vegetation was later weighed and summed to determine plot-level aboveground biomass by PFT
and in total.
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2.4. Mercury and Carbon in Unburned Soils and Vegetation

Soils were dried (60°C, 48 h) and weighed for calculations of gravimetric moisture content (%)
and bulk density (g cm™) at the Woodwell Climate Research Center. Oven-drying peat at 60°C
may volatilize a small amount (< 5%) of its Hg** Soil organic matter was measured
gravimetrically on combusted samples (450°C, 5 h), and total carbon (%) was analyzed using an
elemental analyzer (Vario Max CN, Elementar). Vegetation was air dried, weighed for estimates
of aboveground biomass, and ground for analysis of total carbon (LECO) and Hg.

Hg content in soil and vegetation was measured using a direct Hg analyzer (Nippon MA-3000)
at Harvard University following published methods.* All sample boats were cleaned and blanked
before use, and a sample duplicate, blank, and reference material (MESS-4 [National Research
Council Canada] or NIST 1575a [U.S. Department of Commerce]) were analyzed every 10
samples. Blanks averaged 0.01 ng Hg g (n = 43). The mean coefficient of variation (CV) of
duplicate Hg concentrations was 2.0% (n = 40), and concentrations of MESS-4 (mean + SD = 79.5
+ 1.3 ng g!, n=31) and NIST 1575a (mean + SD = 37.4 + 0.7 ng g'!, n = 16) were within the
reference value range.

Stores of soil Hg (mg m2) and SOC (kg m2) were calculated as the product of bulk density,
fibric layer depth, and the content of Hg (ng g'!) or organics (carbon or organic matter %)***7 and
scaled to a common depth of 30 cm assuming the fibric layer in shorter cores reached 30 cm.
Measurements of soil Hg were averaged for samples collected along the same transects in
unburned areas prior to modeling wildfire Hg emissions. Vegetation Hg stores (ug m?) were
calculated as the summed products of plot-level PFT biomass (g m) and average PFT Hg content
(ng Hg g!), and averaged for transects at the same site. Samples collected from unburned areas in
the IKU during 2017-2019 are taken to be representative of soils and vegetation pre-2015 wildfire
for our Hg emissions model.

2.5. Wildfire Hg Emissions Modeling
2.5.1. Wildfire Hg Emissions and Uncertainty Analysis

Plot-level wildfire Hg emissions were estimated as the sum of soil Hg loss (pre-fire soil Hg
stores x burn depth) and vegetation Hg loss (pre-fire vegetation Hg stores x fraction PFT
combusted), assuming complete release of Hg.!>?* The fraction PFT combusted was derived from
a study on post-fire vegetation change in the IKU3? as the ratio of the coverage of each PFT (fprr-
;) two years post-fire (Cp) to its coverage in unburned terrain (Cu): ferr-i = 1 — (Co / Cu). Pre-fire
soil Hg stores (mg m2) in the top 30 cm of soil were calculated as the product of pre-fire SOC and
the ratio of Hg:C (RHgC, pug Hg g C!) using our paired measurements of Hg and SOC (n = 50).
Soil Hg stores are commonly estimated by scaling RHgC by an estimate of SOC stores.®”48

To predict burn depth and pre-fire SOC stores for estimating soil Hg loss within the 2015
wildfire perimeters, we developed Random Forest regression models (detailed in next paragraph)
from gridded geospatial data on environmental indices known to correlate with SOC and burn
severity at northern high latitudes including vegetation greenness and health, water content,
topography, and burn severity**-*° (Table S2). Indices were derived from cloud-free composites of
Landsat 8 Collection 2 Tier 1 30 m-resolution global surface reflectance imagery! collected from
June 1-21, 2015 (pre-fire) or August 1-31, 2015 (post-fire). Indices on terrain morphology
(elevation, slope, rugosity) were derived from a pre-fire 2 m-resolution digital surface model
(ArcticDEM)>? for >60°N that we resampled to 30 m using bilinear interpolation. Perimeters of
the 2015 wildfires were obtained from the Monitoring Trends in Burn Severity database for the
United States.*
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We developed Random Forest models to predict burn depth and SOC stores using the ranger
function in the R package carer’>>* following published methods.?® We first excluded strongly
correlated predictors (-0.7 > > 0.7) using a Pearson correlogram. We then determined the optimal
subset of remaining predictors using recursive feature elimination (RFE), which iteratively culls
predictors by fitting a secondary Random Forest model that discards the least important features
at each iteration.>> We repeated the RFE 100 times across a leave-one-out cross validation
(LOOCYV) to determine the optimal subset of covariates. Next, we searched for the optimal
Random Forest model parameters using the train function with a search grid of length 10, which
tests every parameter combination and selects 10 random numbers per parameter for each test.
Lastly, we evaluated the final fit of the Random Forest model using LOOCYV repeated 100 times
on the model with the optimal subset of predictors and model parameters. For both RFE and the
full Random Forest model, LOOCV was used to maximize the proportion of our data on burn
depth (n = 106) and SOC stores (n = 51) used for model calibration and withhold ample data for
validation. Additional details on development of the Random Forest models are provided in the
Supporting Information (Text S2).

We estimated wildfire Hg emissions and uncertainty for every 30 m grid cell within the 2015
wildfire perimeters (n = 455,316) using Monte Carlo simulations and resampling techniques for
the five components of our emissions estimates: pre-fire soil and vegetation Hg stores, burn depth,
and the fractions of soil and vegetation combusted. Uncertainties in each parameter were assumed
to be random across grid cells and all simulations and resampling procedures were repeated 100
times each for every 30 m grid cell. For each simulation, inputs were predicted values (burn depth,
SOC) with uncertainty from Random Forest LOOCYV, or from the mean of observations (RHgC,
pre-fire vegetation stores, fraction vegetation combusted) (Table S3). Our measurements on PFT
Hg were used to estimate pre-fire vegetation Hg stores within the uncertainty analysis. The fraction
of vegetation combusted for dominant PFTs was taken from observations on changes in PFT
abundance two years after the 2015 IKU wildfires (see above).?* Surface water was masked from
outputs of SOC stores, burn depth, and Hg release using high-resolution waterbody polygons
derived for the study area.’® Hg release and uncertainty for each grid cell were calculated as areal
release (m2) upscaled to the grid cell area (900 m?), and then summed across all 455,316 cells to
estimate total Hg emissions.

2.5.2. Atmospheric Transport and Deposition of Wildfire Hg Emissions

To assess the magnitude and distribution of Hg deposition from the IKU wildfires, we
simulated atmospheric Hg deposition using a global 3-D atmospheric chemical transport model
for Hg (GEOS-Chem, v.14.3).%3 GEOS-Chem simulates the chemistry, transport, and deposition
of atmospheric Hg species (Hg’, Hg").>” The model has been extensively evaluated against
available atmospheric observations.®® Atmospheric transport is driven by assimilated
meteorological data from the GEOS-FP product from the NASA Global Modeling and
Assimilation Office.>® The model was forced with 2015 global anthropogenic emissions of 2390
Mg y!, which included 69% released as Hg".>® Offline emissions from terrestrial ecosystems,
ocean evasion, and geogenic emissions were held constant following values used in the most recent
GEOS-Chem benchmark budget.®

We first conducted global simulations at 2° x 2.5° horizontal resolution with 47 vertical levels
in order to establish boundary conditions for subsequent nested regional simulations at 0.25° x
0.3125° in our modeling domain in southwest Alaska, which included portions of the watersheds
of the Yukon and Kuskokwim Rivers. Total deposition refers to wet and dry deposition. Hg
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transport and deposition were estimated using data on the fractions of total gaseous Hg (TGM) and
total particulate Hg (TPM) in peat fire smoke (93.5-99.2% TGM)!® (Text S3, Table S4). We
assumed that emitted TGM was entirely elemental Hg (Hg") with negligible Hg'",?! and that TPM
was entirely Hg'l. We assumed that 11% of emissions reach the FT based on results for boreal
biomes in June from a 5-year survey of wildfire plume heights in North America.®® Results are
presented for three domains (Figure 1) representing the entire nested model grid centered on
Alaska (51 —73 °N, 138.5 — 170 “W; 3.7x10° km?), the YKD (58 — 64 °N, 160 — 168 “W; 3.0x10°
km?), and the IKU fire region (61.25 — 61.5 °N, 162.5 — 163.125 *W; 2.8x103 km?).

2.5.3. Estimating Northern Peatland Contributions to Wildfire Hg Emissions

To estimate peatland contributions to northern wildfire Hg emissions, we multiplied estimated
areal peatland emissions and uncertainty (mg m, Sec. 3.3) and boreal forest emissions (0.15 mg
m2)!2 by annual burned area (2002-2022) from a model specific to the tundra-boreal region
(>50°N).?” We separately calculated peatland and non-peatland burned area using the fractional
distribution of peatlands®!' associated with each burned pixel. While this MODIS-based product
may underestimate burned area in northern peatlands,?® our approach assumes that fractional
peatland coverage in the larger (10 km resolution) pixels is the same at the scale of the burned area
pixels (463 m), which may result in overestimation of peatland burned area, especially in pixels
where peatlands are sparser.

2.6. Statistical Analyses

Geospatial data were processed using Google Earth Engine.®? ArcGIS Pro v.2.5. R software
v.4.2.2 was used for all statistical analyses.®> Random Forest models were developed using the
ranger function in the R package caret.>*>* Ranges of estimated burn depth, SOC and Hg stores,
and Hg emissions within the 5" and 95" percentiles of modeled estimates are presented as mean
[5%-95%]. For Hg stores and emissions, the range is taken from the mean values for each pixel-
wise Monte Carlo simulation across all pixels. Other values are reported as mean + SD, unless
noted.

3. RESULTS AND DISCUSSION
3.1. Terrestrial Hg in IKU Tundra Peatlands: Elevated Concentration, Intermediate Stores
Hg concentrations in unburned IKU soils (143 + 62 ng g!) were elevated relative to organic
soils elsewhere in the north (e.g., ca. 90-150 ng g'! in interior Alaska,” 81 + 57 ng g! in Siberia®).
The low bulk density of IKU soils (0.08 + 0.05 g cm™) was typical of less-humified, fibric upper
layers in peat.®”-** These high Hg concentrations and low bulk densities account for moderate Hg
stores of 3.3 + 1.8 mg m™ in the upper 30 cm of IKU soils, which is similar to upper 30-40 cm
peatland Hg stores in Siberia (0.3-6.0 mg m?2)°® and Sweden (0.9-4.7 mg m?).4% Hg
concentrations in the six most common PFTs in the IKU?® were similar to those in other northern
locations (Table S5). Lichen had intermediate Hg concentrations (47 + 20 ng g!), and accounted
for the most biomass (71%) and the largest aboveground Hg stores (65 + 35 ug m2). Hg stores in
all vegetation PFTs (65 + 25 pg m™2, mean + SD by site) were significantly lower than in soils
(Welch’s t-test with unequal variances: p < 0.001).

3.2. Burn Depth and Stores of SOC and Hg: Model Performance, Predictors, and Estimates
Random Forest models predicting burn depth and pre-fire SOC stores each had an R? of 0.25
across 100 iterations of LOOCYV (Figure S2), demonstrating performance comparable to other burn
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depth models (e.g., ref 28). LOOCYV slopes < 1 indicated some underestimation, despite model
optimization using recursive feature elimination and semi-automated model tuning
procedures.?®>%6 This underestimation of burn depth and SOC stores, and thus perhaps Hg
emissions, may be attributed to the size of the datasets and/or number of predictors.5’

Field measurements confirmed that burn depth (10.2 + 3.5 cm) never exceeded the fibric layer
depth (25.6 + 6.6 cm).*! Predicted burn depth (11.3 [8.9—-13.6] cm) aligned with estimates of burn
depth for other northern high latitude peatlands (~5-20 cm).*7* Predicted burn depth was
generally lower near lakes and ponds, and higher in terrains with less standing water (Figure S3).
The burn depth model was most influenced by terrain surface variation (rugosity) and burn severity
(ANBR) (Figure S4). A remote sensing index for terrestrial moisture content (TCW) had moderate
influence, while slope had minimal influence yet was retained as a predictor (Table S6). INBR
and soil moisture are known to directly correlate with burn severity and combustion in northern
ecosystems,’®’”> while rugosity in the IKU generally varies between land cover classes that are
associated with surface water (e.g., fens) and drier terrains (e.g., upland plateaus),’”® where burn
depths were greater.

Predicted pre-fire carbon stores in the top 30 cm of organic soil (9.1 [5.9-11.0] kg m™?) within
the 2015 wildfire perimeters were typically lower in proximity to water channels (Figure S5). The
SOC stores model was most influenced by metrics which captured spectral information on
vegetation greenness and health (TCG, NDVI), moderately influenced by elevation, and less
influenced by terrestrial moisture content (Table S6). While direct correlations between SOC and
remote sensing indices for vegetation productivity and terrestrial wetness commonly reflect
photosynthesis and soil moisture as drivers of soil carbon accumulation,®-’7-’® general
anticorrelations between our measurements of SOC stores and these indices (Figure S6) reflect
lower soil moisture and NDVI in lichen-dominated peat plateau uplands, where SOC stores can be
high relative to riparian environments. Predicted pre-fire Hg stores (3.5 [2.2-4.3] mg m™2), derived
by applying measurements of RHgC (0.38 + 0.17 ng g!) to predictions of SOC, followed the
spatial distribution of SOC stores.

3.3. Large Pulse of Hg Emissions from IKU Peatland Wildfire

Wildfire Hg emissions were 1.36 [0.8—1.8] mg m™ and were generally higher in uplands than
in lower-elevation wetland areas (Figure 1). These emissions are comparable to sparse other
estimates of northern wildfire Hg emissions in North American peatlands (1.6-7.0 mg m) and
boreal forest (0.2-0.9 mg m) that are also based on post-fire soil Hg loss.!!?* Estimates for boreal
regions based on emissions factors from top-down approaches (e.g., airborne smoke plume
measurements, inversion models) are similar in magnitude (up to ~0.5 mg m2), but mostly exclude
peatlands.?*” Summing the total emissions for each grid cell in our study area, we estimate that
the IKU wildfires in 2015 released 556 [164—1138] kg Hg. These emissions were approximately
~6% of annual fire Hg emissions >60°N.!* We estimate release of 130 ug Hg kg! fuel from the
IKU fires, calculated as mean Hg release (1.36 mg m™) divided by fuel load (10.5 kg m2). We
estimated the latter as mean aboveground biomass (2.21 kg m) plus the product of mean bulk
density (0.08 g cm™) and burn depth (10.2 c¢m). This value is 0.9-1.3x that of the values for
emissions factors for boreal forest wildfire (103 to >140 pg kg, depending on TPM
fraction),'®2%7 and 0.2—-0.7x lower than emissions factors calculated for boreal peatland wildfire,!!
for which estimated Hg stores in the upper ~30 cm of soil were approximately five times higher
than in this study. Refining the sparse and varied estimates of northern wildfire Hg emissions!?
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will benefit from efforts to constrain emissions factors and northern soil Hg stores, especially in
peatlands and in more fire-vulnerable shallow soil layers and areas of drying.°

3.4. Rapid Increase in Hg Deposition to Local IKU Ecosystems Attributed to Wildfire

Baseline total deposition from May 2015 to May 2016 was 49 kg over the IKU, 3.5 Mg over
the YKD, and 42.7 Mg over Alaska (Table 1). The IKU wildfires contributed 30% [8—50%] of
total Hg deposition to the IKU, 4% [1-9%] of deposition to the YKD, and ~1% of deposition to
the Alaska domain during the active-fire period (June — July 2015), when the majority of deposition
occurred (Figure 2, Figure 3). Of the 556 [164-1138] kg Hg released by the fires, 75 [16-160] kg
was redeposited within the Alaskan domain. Per unit of emissions, 10% [10-11%] of TGM and
61% [58-65%] of TPM redeposited within the domain; the remainder was advected beyond the
grid boundary. These patterns (i) emphasize pronounced local deposition of IKU peatland wildfire
Hg, (ii) show relatively greater importance of TPM to the deposition budget nearby the wildfires,
and (iii) indicate that most of the Hg released from the IKU wildfires was redistributed beyond
Alaska.

Table 1 summarizes wildfire Hg emissions and deposition magnitudes across a range of
scenarios which capture uncertainty in Hg emissions magnitude, TGM fraction, and the fraction
of emissions lofted to the FT. Uncertainty in the magnitude of wildfire Hg emissions (Table S7)
was the largest source of deposition uncertainty, with the lower-bound emission estimate
producing a -71% change in deposition to all domains and the upper-bound estimate producing
+105% change relative to the central emission estimate. The second largest source of uncertainty
was the particle-associated fraction of Hg emissions (Figure S7). Under the scenario in which 0.8%
of wildfire Hg emissions are released as TPM (99.2% TGM), deposition is 22% lower over the
Alaska domain and 29-30% lower over the IKU and YKD domains. Uncertainty in plume injection
altitude was a relatively small source of uncertainty, with 5-7% lower deposition across all
domains in the higher plume injection altitude case (18% to FT) and 4—6% higher deposition across
all domains in the lower plume injection altitude case (5% to FT). Deposition is 9—11% higher
under a scenario in which all fire-associated Hg emissions are released to the PBL, as compared
with the central estimate (11% to FT).

Simulated deposition and concentrations compare favorably to available regional observations
(Figure S8). Normalized mean bias (NMB) was 6% and root mean squared error (RMSE) was 0.14
ng m (n = 2) for annual-average GEM concentration measurements from AMNet sites. NMB was
17% and RMSE was 1.8 ug m? y! (n = 5) for annual-average Hg wet deposition from sites in the
Mercury Deposition Network (MDN) (Figure S8). Compared with the only annual dry deposition
estimate available for the region, NMB was -18% and RMSE was 1.65 pg m? y'!. Simulated
baseline rates of total deposition to land surfaces were higher over the IKU and YKD (17.8 pg m
2 y'!) than the Alaska domain average (13.9 ug m? y!). Increasing atmospheric Hg monitoring
across tundra and boreal North America, where there is currently a sparsity of active sites,?! will
bolster future efforts to constrain Hg emissions and deposition as northern wildfire activity
intensifies.

3.5. Implications for Hg Cycling at Northern High Latitudes

Our Hg emission estimates and simulated patterns of deposition show that northern peatland
wildfire effects on Hg cycling and ecosystems are scale-dependent. Locally, soil Hg loss from the
IKU wildfires was likely orders of magnitude greater than annual Hg deposition (e.g., ~4—10 pg
m2 y! in Alaska and Sweden).>% Hence, peatland wildfire, while brief, affects the annual and
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perhaps decadal Hg mass budget, shifting burned terrain to a net Hg source through emissions
alone. Wildfire-induced permafrost thaw may trigger indirect impacts on Hg cycling not captured
by this study. For instance, active layer deepening in years to decades after fire’ may increase the
availability of permafrost Hg for hydrologic export to aquatic ecosystems. Over decades to
centuries, post-fire trajectories of ecosystem recovery will shape the legacy of wildfire impacts on
local Hg cycling. For example, vegetation community restructuring®> and uptake of Hg® by
successional vegetation,’ repletion of peatland Hg stores,®® the frequency and severity of additional
wildfire activity,’* and wildfire- and thaw-induced changes to local ecohydrology (e.g., terrain
drying or wetting) are all likely to influence post-fire Hg cycling.®> Our finding that IKU peatland
wildfire affects local Hg cycling further motivates the question arising from earlier research (e.g.,
refs 11,79): What is the potential magnitude of Hg emissions from all peatland wildfires across the
north?

Multiplying our areal peatland wildfire Hg emissions and uncertainty by estimates of mean
annual peatland burned area (2002-2022) from a tundra-boreal-specific fire model?’ and peatland
distribution®! allows for a first estimate of soil and understory wildfire Hg emissions from northern
peatlands (25.4 [14.9-33.6] Mg y!) and contribution to total northern wildfire Hg emissions (50
[29—66]%) (Figure 4). This estimate reflects variation in environmental conditions that influence
peatland Hg stores and susceptibility to combustion across the IKU study region, but not
necessarily in northern peatlands elsewhere.!!>° Nevertheless, we suggest that Hg emissions from
northern peatland wildfire may be larger than estimated!® and thus a more important source of
Arctic and global Hg pollution than is currently understood.®® Improved understanding of the
magnitude and fate of northern wildfire Hg release will require additional research to determine
controls on the susceptibility of peatland Hg stores to combustion,'® measure variation of Hg
speciation in smoke plumes from northern wildfires across diverse environmental conditions,®
and reconcile differences in emissions factors estimated from ‘bottom-up’ field-based mass
balance approaches (e.g., ref 11) versus ‘top-down’ aircraft measurements (e.g., ref 20) or
inversion techniques (Sec. 3.3). To upscale estimates of wildfire Hg release, these complimentary
approaches require robust estimates of burned area and fuel consumption that are typically derived
from satellite remote sensing data. However, the relatively small area and low intensity of peat
fires can challenge detection by satellite remote sensing platforms (e.g., MODIS) that have
traditionally informed burned area products.®’-%° Next-generation satellites that are designed to
detect wildfire, such as WildFireSat (nominal deployment in 2029),”° will be important tools for
understanding northern fire regimes and Hg cycling.

In this study, we found that permafrost peatland wildfires in southwest Alaska released a large
amount of terrestrial Hg and that rapid deposition contributed significantly to local Hg budgets,
adding to scarce research on the magnitude and fate of northern wildfire Hg emissions, !!-12:18,20.23.86
As climate warming increases tundra and boreal wildfire activity,®® we emphasize the need for
new measurements of Hg release and improved wildfire monitoring capabilities, especially in
peatlands, to refine understanding of wildfire effects on Hg cycling at northern high latitudes.!”
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published observations on Hg speciation in wildfire smoke plumes (Table S4), summary statistics
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models of soil organic carbon and burn depth (Table S6), sensitivity of simulated deposition to
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Table 1. Wildfire Hg emissions (E) and fire-attributable deposition (D) over three study domains: Alaska, the Yukon-Kuskokwim Delta
(YKD), and Izaviknek and Kingaglia Uplands (IKU). Baseline = total Hg deposition from all sources excluding the IKU fires from May
2015 to May 2016. TGM = total gaseous mercury. TPM = total particulate mercury. from = fraction total Hg as TGM. Units in kg, except
for from. Scenarios of Hg emissions (e.g., “Central E”) and from (e.g., Low from) constrain wildfire-attributable Hg deposition across
the range of Hg emissions estimated in this study (mean = 556 kg, 5"-95" percentile = 164-1138 kg) and published from (93.5-99.2%)
measured from peat fire.!” Hg E and D speciation and Drow were simulated using the GEOS-Chem global atmospheric Hg model.

Domain of Area Baseline  Scenario Jiem  Etota Etcmv Erpm  Drota  Drgm Drem
deposition [km’] [kel (E / frem) 0-D)  [kg] [kg] [kg] [kg] [kg]  [kg]
Alaska 3807281 42732 (1) Central / Low  0.935 556 519.9 36.1 74.8 528 220
Alaska 3807281 42732 (2) Low/Low  0.935 164 153.3 10.7 22.1 15.6 6.5
Alaska 3807281 42732 (3) Low /High  0.992 164 162.7 1.3 17.3 16.5 0.8
Alaska 3807281 42732 (4) High/Low  0.935 1138 1064.0 74.0 1532 108.1 45.1
Alaska 3807281 42732 (5) High /High 0992 1138  1128.9 9.1 120.3 1147 5.6
YKD 304250 3489 (1) Central / Low  0.935 556 519.9 36.1 46.3 290 173
YKD 304250 3489 (2) Low/Low  0.935 164 153.3 10.7 13.6 8.5 5.1
YKD 304250 3489 (3) Low /High  0.992 164 162.7 1.3 9.7 9.1 0.6
YKD 304250 3489 (4) High/Low  0.935 1138 1064.0 74.0  94.7 593 354
YKD 304250 3489 (5) High /High 0992 1138  1128.9 9.1 67.3 62.9 4.4
IKU 2777 49 (1) Central / Low  0.935 556 519.9 36.1 8.6 53 3.3
IKU 2777 49 (2) Low/Low  0.935 164 153.3 10.7 2.6 1.6 1.0
IKU 2777 49 (3) Low /High  0.992 164 162.7 1.3 1.7 1.6 0.1
IKU 2777 49 (4) High/Low  0.935 1138  1064.0 74.0 17.5 10.8 6.7
IKU 2777 49 (5) High/High 0992 1138  1128.9 9.1 12.2 11.4 0.8
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Figure 1. The distribution of terrestrial Hg release from wildfires during summer 2015 in the
Izaviknek and Kingaglia Uplands (IKU) study area. Hg release was predicted using a machine
learning (Random Forest) model, which was developed using measurements of soil and vegetation
Hg stores, soil organic carbon stores, burn depth, and environmental indices derived from satellite
remote sensing data. Inset maps show locations of wildfire perimeters in the IKU study area (black
lines), and the extents for which atmospheric transport and deposition of wildfire Hg were modeled
in Alaska (gray box), the Yukon-Kuskokwim Delta (hatched box), and the IKU. Base imagery
obtained from Copernicus Sentinel-2a data (European Space Agency, https://sentinel.esa.int/, last
access: 01 September 2023).
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Figure 2. Total mercury (Hg) deposition from background sources (brown) and from the IKU fires
(blue) over three domains: Alaska (top), the Yukon-Kuskokwim Delta (YKD; middle) and the
Izaviknek and Kingaglia Uplands (IKU; bottom). Fire-attributable deposition is only shown for
months where deposition occurred. The shaded blue area represents the range of uncertainty for
fire-attributable deposition associated with uncertainties in plume injection altitude, Hg emission
speciation, and Hg emission magnitude. The left axis shows areal deposition (ug m2 mo™') and the
right axis show cumulative deposition over each domain (kg mo™). Deposition was simulated
using the GEOS-Chem global atmospheric Hg model.
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Figure 3. The distribution of Hg deposition during the period of active fires in the Izaviknek and
Kingaglia Uplands (IKU; June — July, 2015) simulated using the GEOS-Chem global atmospheric
Hg model. (a) Monthly mean Hg deposition from background sources and (b) from the IKU fires.
(c) the IKU fire-attributable fraction of annual total Hg deposition (background and fire-

attributable). YKD = Yukon-Kuskokwim Delta.
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Figure 4. Annual peatland wildfire Hg emissions in the northern tundra-boreal region (>50°N)
(black solid line) and the fraction of total annual wildfire Hg emissions in the northern tundra-
boreal region that originate from peatlands (blue dashed line). Shaded regions represent the range
of annual total and fractional peatland Hg emissions, estimated from the uncertainty in emissions
from this study, as described in Sec. 2.5.3.
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