Topographically driven differences in energy and water constrain
climatic control on forest carbon sequestration
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Abstract. Mountains are vital to ecosystems and human society given their inﬂuence on global carbon
and water cycles. Yet the extent to which topography regulates montane forest carbon uptake and storage
remains poorly understood. To address this knowledge gap, we compared forest aboveground carbon
loading to topographic metrics describing energy balance and water availability across three headwater
catchments of the Boulder Creek Watershed, Colorado, USA. The catchments range from 1800 to 3500 m
above mean sea level with 46–102 cm/yr mean annual precipitation and 1.2° to 12.3°C mean annual temperature. In all three catchments, we found mean forest carbon loading consistently increased from ridges
(27  19 Mg C ha) to valley bottoms (60  28 Mg C ha). Low topographic positions held up to 185  76
Mg C ha, more than twice the peak value of upper positions. Toe slopes fostered disproportionately high
net carbon uptake relative to other topographic positions. Carbon storage was on average 20–40 Mg C ha
greater on north to northeast aspects than on south to southwest aspects, a pattern most pronounced in the
highest elevation, coldest and wettest catchment. Both the peak and mean aboveground carbon storage of
the three catchments, crossing an 11°C range in temperature and doubling of local precipitation, deﬁed the
expectation of an optimal elevation-gradient climatic zone for net primary production. These results have
important implications for models of forest sensitivity to climate change, as well as to predicted estimates
of continental carbon reservoirs.
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INTRODUCTION

(Beniston 2003, Millar et al. 2007). As regional climate warms and drought stress becomes more
common, understanding how macroclimate and
topography interact to inﬂuence montane forest
carbon assimilation, respiration, and plant wateruse efﬁciency become increasingly important
(Brooks et al. 2011, 2015, Williams et al. 2013,
Adams et al. 2014, Anderegg et al. 2015, McDowell and Allen 2015). Forest carbon uptake is

Mountains support 23% of global forests and
12% of the world’s population (FAO 2016). Montane forests are an important continental-scale carbon sink (Schimel et al. 2001) and water supplier
(Mote et al. 2005, Bales et al. 2006). These forests
are also likely to experience signiﬁcant negative
impacts from anthropogenic climate change
❖ www.esajournals.org
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et al. 2011a, b, Hwang et al. 2012, Peterson and
Lajtha 2013, Good et al. 2015). Smith et al. (2017)
recently reported variability in forest carbon as
being driven by slope aspect and topographic
curvature in an eastern North American mixeddeciduous forest. Plant species richness and composition are also linked to topographic variation
ızkova 2010,
 and C
(Zinko et al. 2005, Kopecky
Moeslund et al. 2013). Conceptually, any hillslope
can be divided into three zones (Brooks et al. 2015):
toe slope and valley bottoms where plant available
water is most likely to be subsidized from groundwater; transitional hillslopes that ﬂuctuate in relative subsidy vs. precipitation; and upper slopes
and ridges where plant available water is less than
local precipitation as soil moisture and groundwater percolate downward and ﬂow downslope
(Stephenson 1990, Kaiser et al. 2013). Sensitivity of
tree growth by topographic position to climate is
one of the hallmarks of dendrochronological
science (Fritts 1974, 1976), where growth is most
sensitive on ridge and hillslope positions and least
sensitive in valley bottoms. Redmond et al. (2017)
recently demonstrated that pi~
non pine (Pinus edulis) were more sensitive to a difference in climate,
that is summer vapor pressure deﬁcit (VPD), on
sites with high soil available water content.
The quantiﬁable effects of complex terrain on
catchment-scale forest respiration, carbon uptake
and storage, across an elevation-driven environmental gradient in water availability, are poorly
understood. To address this knowledge gap, we
compared forest aboveground carbon loading to
topographic metrics describing energy balance
and water availability across three headwater
catchments to establish whether any consistent
trends in topographic variation describe the distribution of biomass relative to the environmental–climate gradient.

widely considered to increase along an elevation–
climate environmental gradient where long growing seasons and large water availability coincide
(Rosenzweig 1968, Whittaker and Niering 1975,
Gholz 1982, Goulden et al. 1998). Underlying the
elevation–climate gradient, complex terrain inﬂuences forest net primary production (NPP; Chen
et al. 1999, Tague and Peng 2013, Brooks et al.
2015), sensitivity to insect mortality (Kaiser et al.
2013), and drought (Allen et al. 2015).
In complex terrain, slope aspect alters local
energy balance (Gutierrez-Jurado and Vivoni
2012), while subsurface geophysical structure
alters groundwater availability (Tromp-van Meerveld and McDonnell 2006, Hu et al. 2009, Adams
et al. 2014). For example, on equator-facing
aspects, increased insolation results in more rapid
melting and sublimation of snow and evaporation
(Harpold et al. 2014a, Harpold 2016). Higher
temperatures, as experienced on equator-facing
aspects, can also result in larger respiration rates
and less carbon sequestration in trees (Tromp-van
Meerveld and McDonnell 2006, Hu et al. 2009).
Rainfall patterns in mountains are inﬂuenced
by orographic lifting, which causes more rain to
fall at high elevations relative to adjacent lower
elevations (Broccoli and Manabe 1992). Complex
terrain redistributes antecedent precipitation in
the form of overland ﬂow and as groundwater.
Despite increases in precipitation at higher elevations, potential forest carbon uptake ultimately
becomes temperature (energy) limited as atmospheric lapse rates reduce daily air temperatures
below freezing for longer periods of the year
(Hu et al. 2009, Bradford et al. 2010, AndersonTeixeira et al. 2011, Knowles et al. 2014, Monson
2014, Monson and Baldocchi 2014). At lower elevation, forests become increasingly water limited
as seen in western North American forests (Zapata-Rios et al. 2015).
Research focusing on the relationship between
forest NPP to mean annual temperature (MAT)
and mean annual precipitation (MAP) has found
that climatic trends can be overwhelmed in complex terrain by the spatial redistribution (i.e., lateral
ﬂux) of precipitation along hydrological ﬂow paths
(Giardino and Houser 2005, Hu et al. 2009,
McDonnell 2014, Brooks et al. 2015, Good et al.
2015). Emergent patterns in forest structure and
size also reﬂect the variability in soil depth and soil
water availability (Rango et al. 2006, Thompson
❖ www.esajournals.org

MATERIALS AND METHODS
Study area
The Boulder Creek CZ Observatory Watershed
is west of Boulder, Colorado, 40.03° N, 105.25° W
(Fig. 1). The disturbance history of the three
studied catchments: Como Creek, Gordon Gulch,
and Betasso Preserve, is well understood, having
been logged in the 19th century and preserved
for the last century (Adams et al. 2014). The
catchments contain second-growth forest, which
2
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Fig. 1. Study area. Elevation in general decreases from left to right. The three catchments are colored blue
(Como Creek), green (Gordon Gulch), and red (Betasso Preserve). For consistency, the color scheme is the same
in all ﬁgures.

monzonite. Soils are sandy loam inceptisols on
biotite gneiss with talus in higher elevations
above treeline (Dethier and Lazarus 2006, Berryman et al. 2015). This analysis only includes the
80% of Como Creek that is below treeline containing a mix of sub-alpine ﬁr (Abies lasiocarpa),
Engelmann spruce (Picea engelmannii), Lodgepole
pine (Pinus contorta), limber pine (Pinus ﬂexilis),
and quaking aspen (Populus tremuloides; Rollins
and Frame 2006; Appendix S1: Table S1).
Gordon Gulch.—The centrally located, midsized, and the mid-elevation catchment with the
creek ﬂowing approximately southeast (Figs. 1
and 2, Table 1). The lithology is Paleoproterozoic
biotite gneiss, Precambrian granite, granodiorite,
and monzonite. Deep soil proﬁles of Tertiary soil
and rock erosion up to 15 m deep are present
(Dethier and Lazarus 2006, Befus et al. 2011,

in Como are over 100 yr old (Knowles et al.
2014) and in Gordon Gulch approximately
160 yr old (Adams et al. 2014). Elevations range
from 3560 meters (m) above mean sea level (alsl)
along the crest of Como Creek, down to 1810 m
alsl at the stream outlet of Betasso Preserve
(Figs. 1 and 2, Table 1). Mean annual precipitation ranges from 1020 mm/yr at the highest elevations down to 460 mm/yr at the lowest
(PRISM 2004, Hinckley et al. 2012). Physical
descriptions of the entire Boulder Creek CZO are
found at: http://czo.colorado.edu/html/sites.
shtml, and climate observations are available at:
http://czo.colorado.edu/html/data-climate.shtml.
Como Creek.—The most westerly, largest, and
highest elevation catchment (Figs. 1 and 2,
Table 1). The lithology is Paleoproterozoic biotite
gneiss, Precambrian granite, granodiorite, and

Fig. 2. Elevation vs. mean carbon. Distribution of the mean (l, colored line), standard error about the mean
(SEM, darker shade), and ﬁrst standard deviation (1r, lighter wider shade) in aboveground C (Mg C/ha) by
elevation (m alsl). The black line is a linear regression.
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Table 1. Study area physical descriptions and climatology.
Metric

Como Creek

Gordon Gulch

Betasso Preserve

Elevation (m lsl)
Area (ha)
MAT (°C)
MAP (mm/yr)
% Snow

2900–3560
664
1.0
1020
70

2446–2737
357
6.1
500
50

1810–2024
45
12.3
460
20

Note: MAP, mean annual precipitation; MAT, mean annual temperature.

Aboveground biomass and carbon content

Dethier et al. 2012). Soils are loamy and sandy
alﬁsol on granodiorite colluvium (Dethier et al.
2012, Berryman et al. 2015). Vegetation is mainly
lodgepole pine on northerly aspects and ponderosa pine (Pinus ponderosa) on southerly aspects
(Rollins and Frame 2006; Appendix S1: Table S1).
Betasso Preserve.—The most easterly, the smallest and lowest elevation catchment with the main
drainage ﬂowing to the southeast (Figs. 1 and 2,
Table 1). The lithology is mostly decaying Laramide bedrock and saprolite with mobile upper
regolith layer. Soils are loamy sandy alﬁsol on
granodiorite colluvium (Dethier et al. 2012, Berryman et al. 2015). Vegetation is mostly ponderosa
pine on south aspects and a mix of ponderosa
pine and Douglas-ﬁr (Pseudotsuga menziesii var.
glauca) on north aspects (Rollins and Frame 2006;
Appendix S1: Table S1).

Individual tree biomass/carbon density was
based on the dominant tree species classiﬁcation,
by the LANDFIRE existing vegetation type (EVT;
Rollins and Frame 2006; Appendix S1: Table S1).
Each tree was assigned an EVT in Quantum GIS
(QGIS 2014 v2.8). The EVTs for all three catchments are mostly single species-dominant types
(Appendix S1: Table S1). Wood speciﬁc gravity
(SG, Chojnacky et al. 2014) and woody C content
(%, Lamlom and Savidge 2003) values
(Appendix S1: Table S2) were assigned for each
EVT based on species. In the case of mixedspecies forests, an average value was assigned. In
the study areas, species variations in SG and C
were typically 3% of each other.
An individual tree segmentation script (Swetnam and Falk 2014) identiﬁed trees from the
0.333 m CHM in Matlab 2015a (Mathworks 2015;
Appendix S2: Figs. S1 and S2). The script
employed a minimum height cutoff of 2 m above
ground level and a minimum canopy ratio of 1/
8th to height (Swetnam and Falk 2014). Output
for each tree included tree height, major and
minor axis of canopy diameter, equivalent
canopy diameter, and canopy area. The model
for estimating tree diameter at breast height
(dbhest) is based on Eq. 7 in Swetnam and Falk
(2014): dbhest = bHt√Dcan (1), where dbh is in
units of centimeters (cm), b is a coefﬁcient equal
to 0.82, Ht is tree height (m), and Dcan is the
diameter of the canopy (m).
Conventional aboveground biomass equations
(Chojnacky et al. 2014) in logistic form: ln
(AGB) = b0 + b1ln(dbh) (2) are comparable to the
pipe model (Savage et al. 2010, Bentley et al.
2013): V = pr2 9 Ht (3), where V is volume and r
is the bole radius (r = dbh/2). In our analysis, we
used the pipe model to estimate V. AGB is derived
by multiplying the tree SG by V. AGC is determined by multiplying AGB by mean C density

Aerial lidar data
Snow-off, leaf-on discrete return aerial lidar
data were collected over Boulder Creek CZ by
the National Center for Airborne Laser Mapping
(NCALM; http://www.ncalm.org) in June 2010
(Anderson et al. 2012). The lidar data have an
average pulse density of 11.2 points per meter
square and were collected with a 50% sidelap.
The lidar data are consistent with United States
Geological Survey (USGS) Base Speciﬁcation
Quality Level 1 (Heidemann 2014). The Boulder
Creek snow-off lidar data are available via http://
www.opentopography.org. Discrete pulse return
data were processed into one-third meter square
pixel, 0.333 m, digital elevation models (DEM)
and digital surface models (DSM) using the
OpenTopography “DEM Generation TIN” (triangular irregular network) and “Local Gridding”
tools. Canopy height models (CHM) were generated by subtracting the DSM from the DEM (Lefsky et al. 2002, Zhao and Popescu 2007;
Appendix S2: Figs. S1 and S2).
❖ www.esajournals.org
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(Lamlom and Savidge 2003, Chojnacky et al.
2014; Appendix S1: Fig. S1). We used Eq. 3 to ﬁrst
estimate individual tree V, and the LANDFIRE
EVT (Rollins and Frame 2006) to determine
species-speciﬁc SG and C content (Appendix S1:
Table S2): C = V 9 SG 9 C (4).
Jucker et al. (2017) recently developed a global
general model for individual tree dbh and AGB
based on canopy diameter and maximum height
measurements from lidar. In Appendix S3, we
compared our individual tree dbh and AGB
models to the general models for gymnosperms
by Jucker et al. (2017). We found the southwestern
USA dbh model reported by Swetnam and Falk
(2014) to be more accurate (r2 = 0.82, RMSE =
6.6 cm) than the gymnosperm general model
reported by Jucker et al. (2017; r2 = 0.78, RMSE =
7.4 cm) for southwestern conifers. Jucker et al.
(2017) tended to under-estimate dbh in large trees
(Appendix S3: Figs. S1 and S2). Both methods
report similar tree AGB when given the same set
of measurements (Appendix S3: Fig. S5). For the
AGB calculation, the two models had some variation about a mean of zero. The propagation of
uncertainty was derived by summating known
measurement and model errors (Chave et al. 2004,
Dalponte and Coomes 2017, Jucker et al. 2017).
For each catchment, we inventory the overstory forest as seen by the lidar. Consequently,
the sampling bias is expected to be near zero for
overstory trees. Understory trees, on the other
hand, are likely to be missed when they are present beneath large trees. The contribution of biomass to the total stand from small trees beneath
large trees is very small relative to the biomass
contribution of the large trees (Lutz et al. 2012,
Swetnam et al. 2014). The uncertainty in the biomass/carbon density values is expected to have a
normal distribution with a mean of zero. The
presence of small trees beneath larger trees
would suggest that our reported estimates are
conservative, rather than over estimates of actual
biomass.
To compare standing tree biomass (pointbased) to landscape (area-based) estimates, we
aligned the 10-m topographic rasters to the individual trees in QGIS using the Vector–Research
Tools “Vector Grid” and Vector–Analysis Tools
“Points in Polygon.” After the individual tree C
(kg) was determined, 10-m pixel-level C was summated (kg C 100 m 2) for each topographic grid
❖ www.esajournals.org

pixel. Stem and topographic metrics for each of
the three catchments are hosted via the Critical
Zone Observatory data web service page: http://
search.criticalzone.org/.
Project data, code, and a wiki were maintained
using CyVerse (Merchant et al. 2016). Jetstream
cloud computing cyberinfrastructure (Stewart
et al. 2015) was used for uncertainty analyses in
R and R-Studio (R-Studio Team 2015). The data
and R code are available online and in the supporting information.

Topographic variables
Digital elevation model layers were analyzed
in open-source geographic information system
(GIS) software, which included QGIS (Savage
et al. 2010) and System for Automated Geoscientiﬁc Analysis (SAGA v 2.1.2; Conrad et al. 2015).
First-order topographic relief included (1) elevation (m alsl); (2) the hillslope’s angle of repose,
that is, slope (in degrees [°] or radians [rad or c])
relative to a ﬂat surface; and (3) the azimuth or
aspect of exposure (° or c). Other derivative measures of topographic relief included hillslope normalized height (unitless ratio between 0 and 1;
€hner and Selige 2006, Dietrich and Bo
€hner
Bo
2008) and the Topographic Position Index (TPI;
Guisan et al. 1999, Weiss 2001).
Slope, aspect, and curvature.—Changes in slope
aspect have an effect on the energy balance of the
surface topography related to solar insolation of a
ﬂat surface. Topographic curvature is the second
derivative of slope angle along a hillslope, a measure of the change in either a vertical, horizontal,
or tangential proﬁle relative to the surface (Alkhasawneh et al. 2013). The inﬂuence of topographic
curvature on subsurface lateral water redistribution is less well studied than Topographic Wetness
Index (TWI), but has been shown to inﬂuence erosion rates (Pelletier and Rasmussen 2009a, Hurst
et al. 2012), soil depth (Pelletier and Rasmussen
2009b), and regolith production from crystalline
bedrock (Rempe and Dietrich 2014). Topographic
curvature can inﬂuence the availability of both
surface runoff, soil depth, and soil moisture.
Slope aspect (c) and general curvature (unitless)
were calculated using the SAGA Terrain Analysis
—Morphometry “Slope, Aspect, and Curvature”
tool (Conrad et al. 2015). Alkhasawneh et al.
(2013) provide the descriptions and equations for
the different types of curvature. Simply put, the
5
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second derivative of a slope is calculated across a
moving window where a ﬂat surface is equal to 0,
a convex (divergent) surface is >0, and a concave
(convergent) surface is <0; the output values are
scale dependent upon the pixel length. Curvature
of the proﬁle (vertical plane) affects the velocity of
water ﬂowing across a surface inﬂuencing both
erosion and deposition rates (Mitasova et al.
1996). Planiform (horizontal plane, equivalent to
tangential curvature) describes whether water is
ﬂowing convergent into or divergent away from
the pixel. The planiform and proﬁle curvature are
compared together as “general curvature” (Wood
1996, Alkhasawneh et al. 2013).
Topographic wetness index.—To quantify topographic variation in surface wetness, we can calculate the natural log of the upslope contributing
or catchment area (m2) divided by the tangent of
slope (c), which gives the TWI (Beven and Kirkby
1979, Beven 1997, Kirkby 1997). Topographic
Wetness Index can be derived using an array of
GIS algorithm techniques (Quinn et al. 1991,
1995, Sørensen et al. 2006). Crucially, the TWI
does not fully describe the subsurface structure,
although it does often correlate with subsurface
processes (Grabs et al. 2009). Topographic Wetness Index inﬂuences the overall soil water available for plant respiration and growth. Indirectly,
it affects the energy balance by altering overall
evaporation and transpiration resulting in cooler
sites due to latent heat exchange.
Topographic Wetness Index is produced as:
TWI = ln(a/tanb) (5), where a is the upslope contributing area (m2) ﬂowing downward through a
pixel (in units of length squared, m2) and tanb is
the tangent of slope b (c) in radians. Catchment
area for the DEMs was calculated using the D∞
method (Quinn et al. 1995, Tarboton 1997) in the
SAGA Terrain Analysis—Hydrology “Catchment
€hner and Selige 2006).
Area (Recursive)” tool (Bo
Sørensen et al. (2006) suggest a multi-ﬂow path
technique as the most appropriate method for
characterizing the response of TWI in ecological
phenomena. Notably, other important features in
complex terrain that are not considered by TWI,
such as varying depth of soil (Pelletier and Rasmussen 2009b) or depth to groundwater, can be
estimated from other topographic metrics such
as curvature.
Topographic position index.—Topographic Position Index indicates a change in the total water
❖ www.esajournals.org

availability due to surface runoff and groundwater availability. Indirectly, it also relates to surface
energy balance from direct insolation as lower
topographic positions are expected to experience
greater daily shading from local terrain. Topographic Position Index is a scale-dependent index
describing the difference between topographic
positions (Guisan et al. 1999, Weiss 2001). Lower
topographic positions, for example, valley bottoms and stream channels, have negative TPI,
while upper topographic positions, for example,
ridges and peaks, have positive TPI.
The length size of the moving window and the
weighting technique (e.g., inverse distance weighting) determines the index value. Topographic Position Index was calculated in SAGA Terrain Analysis
—Morphometry > Topographic Position Index
(Guisan et al. 1999). The execution used the default
parameters (a 150-m moving window with inverse
distance weighting). The scale of the moving window was appropriate based on the length size of
ridge to valley distances for the study catchments.
Hillslope positions.—Slope height is similar to
TPI in explaining energy balance, as well as the
conceptual hydrologic zone model for overall
water availability (Brooks et al. 2015). The relative
heights and slope positions were calculated using
the SAGA Terrain Analysis—Morphometry >
€hner and
Relative Heights and Slope Positions (Bo
€hner 2008). The outSelige 2006, Dietrich and Bo
puts included the normalized height (unitless), the
ratio of height (m) above the channel to the ridge
(values between 0 and 1). Normalized height is
similar to TPI, but scaled. Hydrologic Zones 1
through 3 are deﬁned as 0.0–0.333, 0.334–0.666,
and 0.667–1.00, respectively.

Descriptive statistics
The uncertainty analysis for the individual tree
estimates of biomass/carbon density was done in
R with RStudio (RStudio 2015). We followed the
same technique as Chave et al. (2004), and Jucker
et al. (2017), where we calculated the propagation of uncertainty for both potential measurement errors and model error (Appendix S3).
We generated summary statistics for every 10m pixel in each catchment in Matlab 2015a
(Mathworks 2015). We organized the statistics by
a grouping function [grpstats] to calculate the
mean (l), median, maximum, ﬁrst standard deviation (1r), standard error about the mean (sel),
6
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and the upper 99th percentile or conﬁdence interval (CI, 2.58r) of C for a new observation for
each topographic metric. We also ﬁt a leastsquares linear regression with Matlab’s Curve
Fitting Tool (cftool) to each distribution to determine the sign of change in C by topographic metric (Appendix S4: Tables S1–S5). The reported
sem (or sel) is essentially the standard deviation
for the estimate of the sample mean. The 1r represents a range of uncertainty in the mean C for
each described topographic variable.

canopy diameter by the lidar, and under-reporting
of small-diameter trees obscured by larger trees
(Appendix S2). The wide range in spatial heterogeneity of forest structure within the catchments
showed few areas of highly concentrated C (i.e.,
>1500 kg C per pixel equivalent to 150 Mg C/ha)
across any continuous area >1.0 ha (Fig. 3). The
maximum C values tend to cluster into small
groups where one or more very large trees are
measured within a single or several 10-m pixels.
The Niwot Ridge eddy covariance ﬂux tower
is located at the lower end of Como Creek catchment (Knowles et al. 2014). Hu et al. (2009)
reported aboveground biomass around the ﬂux
tower as 22.41 kg/m2 and 24.17 kg/m2 between
east and west transects (equivalent to ~112 and
~121 Mg C ha, respectively). For comparison, our
99th percentile estimate of C in the Como Creek
along mid-slope positions was 100 Mg C ha, and
in low-lying positions 153 Mg C ha (Table 2).

RESULTS
Individual tree inventories
From the lidar canopy height models, a total of
17,286 overstory trees were identiﬁed in Betasso
Preserve (~380 trees/ha), 178,469 trees in Gordon
Gulch (~470 trees/ha), and 317,274 trees in Como
Creek (~480 trees/ha). Aboveground C at the
10-m grid resolution (Fig. 2) is the sum of
all trees’ estimated C within each 10-m pixel
(kg C/0.01 ha). The units for the individual pixels
are converted to equivalent Mg C/ha notation in
the ﬁgures for consistency.
For individual trees, the measurement uncertainty for aboveground C was 40% (based on
height 5%, canopy diameter 23%, speciﬁc
gravity 8%, carbon 4%; Appendix S3). The
allometric model uncertainty was 32% (based on
dbhest). Total uncertainty is 166–59% of the
reported AGC (Appendix S3). In general, the absolute measurement errors are greater for small trees
and less for larger trees. The large uncertainty for
canopy diameter is due in part to the high frequency of small trees and the fundamental sampling resolution (0.333 m) of the surface models.
The error is expected to have a mean of zero
(Appendix S3) and a standard deviation which is
smaller than the standard deviation reported
about the reported pixel-level mean values.
The number of trees per hectare (ha 1) had no
relationship with total aboveground C. There was
also no correlation in the number of trees/ha and
topographic position in any of the three catchments. The distribution of C on a per-pixel basis
was dominated by the presence of very large trees,
estimated to hold 1832  798 kg C. There is a
greater likelihood of under-estimating biomass
than of overestimating it based on our models. This
is due in part to under-measurement of height and
❖ www.esajournals.org

Elevation and slope aspect
Within each catchment, mean C declined as elevation increased (Fig. 2; Appendix S4: Table S1).
The peak values of C for the 99% conﬁdence interval (CI, 2.58r), representing hotspots of productivity, were observed along the lower topographic
locations, for example, creek bottoms and toe
slopes (Fig. 3). At the highest elevation site, Como
Creek, the forest carbon reservoir went to zero as
the catchment crosses above alpine treeline (>3450
m alsl; Appendix S2: Fig. S3). In Gordon Gulch
(Fig. 3), we found a similar magnitude of C and
regression slope vs. elevation as Como (Fig. 2). In
Betasso Preserve (Appendix S2: Fig. S3), the lowest elevation catchment, mean C is largest at the
mid-catchment elevation and declines slightly
toward the lowest elevations (Fig. 2).
Carbon storage was on average 20–40 Mg C ha
greater on N to NE aspects than on S to SW
aspects, a pattern most pronounced in Como
Creek, the highest elevation, coldest and wettest
catchment. Betasso Preserve showed the weakest
response in mean C with slope aspect (Fig. 4).

Topographic curvature
Negative curvatures (i.e., convergent positions) tended to have greater mean and peak C
than positive curvatures for all three catchments
(Fig. 5; Appendix S4: Table S2). Variation in C to
general curvature is only apparent at longer
7
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Fig. 3. Catchment mean carbon. Distribution of C for Gordon Gulch, aboveground C in equivalent units of Mg
C/ha, shown for 10-m pixel size resolution. Surface is shaded from white (180° south facing) to black (0° north
facing) with a 20 degree azimuth of insolation.

aboveground C is greatest in the toe slopes and
valley bottoms, and lowest on ridges, as measured using either normalized height (Fig. 6) or
TPI (Fig. 7). In all three catchments, we found
that mean forest carbon loading consistently
increased from ridges (27  19 Mg C ha) to valley bottoms (60  28 Mg C ha). Low topographic
positions held up to 185  76 Mg C ha, more
than twice the peak value of upper positions.

length scale (>10 m). At shorter length scale (1–5
m), the trend in C is lost due to microtopographic changes, for example, the “noise” of
root balls and tree boles pock marking the surface.

Hillslopes: normalized height and TPI
Catchment toe slopes and valleys held the
largest mean and peak C values relative to
transitional hillslope positions and ridges. Mean

Table 2. Distribution of C (Mg C/ha) for the mean (l)  standard error of the mean (sel), standard deviation
(1r), and upper 99% CI (2.58r) classiﬁed into three zones in the three study catchments: toe slopes and valley
bottoms (Zone 1), transitional hillslopes (Zone 2), and shoulder slopes and ridges (Zone 3).
Como Creek

Gordon Gulch

Topographic Zone
Valleys (l  sel)
Mid-slopes (l  sel)
Ridges (l  sel)
Valleys (1r)
Mid-slopes (1r)
Ridges (1r)
Valleys (2.58r)
Mid-slopes (2.58r)
Ridges (2.58r)

Betasso Preserve

Mg C/ha
54  1
28  1
13  1
39
28
19
153
100
62

59  1
39  1
27  1
49
28
19
185
110
75

61  1
45  1
30  1
44
30
24
174
122
93

Note: The mean l  sel and 1r are shown in Fig. 6.
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Fig. 4. Slope aspect vs. mean carbon. Distribution of the mean and standard error (l  SEM) in aboveground
C (Mg C/ha) by aspect of exposure (°). Betasso (red) has less variation in C in response to a change of aspect,
while Como (blue) has the greatest and Gordon Gulch (green) is intermediate.

Topographic wetness index

Among catchments, variation in mean C was
equal to or greater when evaluated via topographic metrics than with the elevation–climate
environmental gradient of MAT and MAP
(Fig. 2). The mean C measure for all sites along
valley bottoms vs. ridges was at least >101% larger using the normalized height metric (Fig. 6).
The sem for most observed areas was small
because of the large number of pixels from which
the group statistics were generated (Table 2). The
maximum value observed along a toe slope in
Gordon Gulch was equivalent to 328 Mg C/ha;
this is nearly an order of magnitude greater than
the peak C values found along the top of the
catchment of 34 Mg C/ha (Fig. 7). In Gordon
Gulch, the peak distribution of C was strongly
associated with landscape position; that is, areas
near stream channels and north-facing aspects
have the greatest aboveground C (Fig. 3).

The differential response in C to TWI varied
by catchment the most of any of our compared
topographic variables (Fig. 8). Como had the
weakest response having a weakly positive relationship. The response in Betasso, the most
water-limited catchment, was the strongest, with
greater than 100% increase in C from driest to
wettest sites. In Gordon Gulch, there was an
intermediate-state response to TWI, increasing
by almost 50%.

DISCUSSION
The mean and maximum carbon loading in all
three catchments varied relative to (1) the surface
energy balance related to elevation and slope
aspect and (2) four topographic proxies for lateral
redistribution of soil water. Trends in C are the

Fig. 5. Curvature vs. mean carbon. Distribution of the mean (l, colored line), standard error about the mean
(SEM, darker shade), and ﬁrst standard deviation (1r, lighter wider shade) in aboveground C (Mg C/ha) vs.
general curvature. The black line is a linear regression.
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Fig. 6. Slope height vs. mean carbon. Distribution of the mean (l, colored line), standard error about the mean
(SEM, darker shade), and ﬁrst standard deviation (1r, lighter wider shade) in aboveground C (Mg C/ha) vs.
normalized slope height. The black line is a linear regression.

data show that variation in mean C with slope
aspect in fact increases at higher elevations (lower
MAT and higher MAP). North- and east-facing
aspects had much more biomass than west- or
south-facing aspects (Fig. 4) in Como Creek than
in Betasso Preserve. We assumed at hotter lower
elevations, trees on south aspects would experience greater evaporation and transpiration undergoing higher levels of respiration than those on
north aspects at the same elevation. We also had
assumed this trend would be reversed at higher
elevation where lower air temperatures result in
lower VPD on south aspects that are less water
limited due to increased MAP, and that north
aspects would become energy limited because of
their near- or below-zero MAT resulting in less
variation across slope aspect. The fact Como has
greater variation in biomass on south aspects than
on north aspects is surprising considering that the

inverse of assumed elevation–climate environmental gradient responses with MAT and MAP
(Appendix S5: Figs. S1 and S2). Rather than biomass increasing with lower (idealized) temperature and increased precipitation, the opposite
trend is seen within catchments. In contrast to the
environmental gradient hypothesis, related to long
growing season length and abundant water availability, C was not signiﬁcantly greater in the midelevation catchment relative to the other two
catchments. We initially assumed the midelevation site would reﬂect a convergence of ideal
temperature and water availability in relation to
regional macroclimate and orographic effects.
Instead, we found the sizes and patterns of the C
reservoirs to be similar across catchments: From
ridges to valleys, there was at least a 101% increase
in the mean values, and there was a 146% increase
in the peak values (Table 2, Fig. 3). Similarly, the

Fig. 7. Topographic Position Index vs. mean carbon. Distribution of the mean (l, colored line), standard error
about the mean (SEM, darker shade), and ﬁrst standard deviation (1r, lighter wider shade) in aboveground
C (Mg C/ha) vs. Topographic Position Index. The black line is a linear regression.
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Fig. 8. Topographic Wetness Index vs. mean carbon. Distribution of the mean (l, colored line), standard error
about the mean (SEM, darker shade), and ﬁrst standard deviation (1r, lighter wider shade) in aboveground
C (Mg C/ha) vs. Topographic Wetness Index. The black line is a linear regression.

corresponded to the steepest drainages at the
bottom of the catchment having thinner soils and
regolith as measured by seismic refraction (Befus
et al. 2011, Knowles et al. 2015). Subsurface processes, such as soil depth and groundwater storage, are typically expressed at longer length
scale, relating to ridge and valley sizes (Pelletier
and Rasmussen 2009a). Some of the observed
variation in C within the three catchments may
relate to a change in soil depth and access to
groundwater subsidy found in lower topographic positions.
Anecdotally, the largest local quantity of C
was in the mid-elevation catchment, which met
our assumption concerning the convergence of
energy and water availability along the elevation
gradient. However, the location is at the very
bottom of the catchment, in a low topographic
position. Carbon loading in Gordon Gulch
exhibits a wide range in C, which underscores
the importance of topography in establishing
hotspots for productivity. The increased response
of C to TWI values at lower, more water-limited
elevation requires further study to determine
whether surface ﬂow and percolation or subsurface base ﬂow are the dominant mechanism of
lateral redistribution.

catchment receives over one meter (>1000 mm/yr)
of MAP and is thought to be periodically energy
limited with shorter growing seasons (Hu et al.
2009, Knowles et al. 2015). We conjecture this
greater biomass on north aspects may be a
response to a decrease in snow sublimation and
soil water evaporation on north aspects in the
spring (Harpold et al. 2014a, b). Trees on north
aspects may therefore be more likely to have snow
water available to them when the growing season
begins—even in drier hotter years. This trend was
most pronounced in Como which receives the
majority of its rainfall in the form of snow.
We were also initially concerned that variation
in mean C may be exhibiting the residual
impacts from logging which took place in the
catchments in the late 19th and early 20th century. Adams et al. (2014) documented the location of scattered tree harvest primarily for
fuelwood in Gordon Gulch, which we can see in
our tree inventory data. Upon further examination, we found these stands to have slightly less
C than unharvested locations; however, their
small patch size did not signiﬁcantly affect the
overall trends seen in the catchment.
The response in mean and maximum C to a
change in slope aspect is also likely to be partly
controlled by the overall shape and direction of
the basins. For example, Betasso is almost completely south and east facing with very few northwest-facing locations. Because the catchments are
all predominantly eastward facing, this assumption requires additional tests in areas that predominantly face other cardinal directions.
There was a decrease in mean C for the most
convergent locations in Betasso, which likely
❖ www.esajournals.org

Further questions
Why was topographic position more important
in explaining C storage than a doubling in MAP
(500 mm) and 11°C change in MAT within these
semi-arid forests? Other forest studies in complex
terrain in humid (Smith et al. 2017), temperate
(Buma et al. 2016, Zald et al. 2016), and tropical
rain forest (Weintraub et al. 2015, Molina Simba~
na
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(Fig. 4). Meanwhile, Betasso exhibited the greatest
response to changes in the lateral water redistribution (e.g., TWI), while Como Creek and Betasso
exhibited a slightly negative to ﬂat response
(Fig. 6). This may point toward energy balance differences in MAP and E/T over time.

et al. 2016) have reported similar trends in biomass C accretion and decreases in nitrogen availability by hillslope position, suggesting a common
pattern in even highly productive forest ecosystems. Our study is the ﬁrst to consider the variability of carbon with a lateral redistribution in
MAP across an elevation gradient in MAT. We
show that trends in C are more consistently
related to local topography than to climate. The
most probable reasons in our study for an increase
in C was the lateral redistribution of MAP to
lower topographic positions, and variations in
local energy balance with slope aspect, as posited
by others (Hwang et al. 2012, Peterson and Lajtha
2013, Adams et al. 2014, McDonnell 2014, Brooks
et al. 2015, Good et al. 2015). Maximum C in all
three catchments appeared to be most related to
topographic locations with (1) large upslope
catchment area, (2) low slope angles, (3) negative
general curvature (i.e., convergent positions), and
(4) more northerly aspect of exposure. The
observed increase in C, from ridges to valley bottoms, is further assumed to be at least partly a
response to increased soil depth (Pelletier and Rasmussen 2009b, Hurst et al. 2012, Rempe and Dietrich 2014) and greater access to groundwater
subsidy (Brooks et al. 2015).
Future research questions should focus on the
processes driving C sequestration, as well as comparison to direct and indirect solar irradiation,
nocturnal air ﬂows, snow accumulation, intercatchment groundwater transfer, changes in seasonality in MAP (e.g., the contribution of snow
pack vs. summer precipitation to wetness) and
VPD (e.g., the variation in local E/T relationships
via differential exposure to solar heating and
wind). Cold air pooling and nocturnal air ﬂow (Yi
€hner 2008) could have
et al. 2005, Dietrich and Bo
negative feedbacks on NPP and maximum C
accumulation on lower topographic positions in
higher-elevation, energy-limited catchments, and
positive feedbacks on NPP and C for lowelevation, water-limited catchments (by lowering
the daily VPD and E/T of local conditions). Knowles
et al. (2015) found high-elevation catchments to
ﬂuctuate between energy limitation and water-limited states for wet and dry years, respectively. We
did not speciﬁcally test the lateral redistribution of
MAP across time in this study. The results do show
that Como Creek and Gordon Gulch exhibit a
greater response in C to slope aspect than Betasso
❖ www.esajournals.org

Broader implications
Recent studies indicate a trend toward more
frequent and hotter droughts having an adverse
effect on mountain forests (Allen et al. 2015). In
particular, droughts more negatively affect taller
trees than shorter trees (Williams et al. 2013,
Anderegg et al. 2015, McDowell and Allen 2015).
This study’s approach at quantifying topographic
controls on spatial patterns of C in trees highlights the importance of the lateral redistribution
of water under warmer and drier conditions.
Leading to the question: Does the lateral redistribution of water in complex terrain increase the
sensitivity of trees or buffer them (as ecohydrological refugia) from severe drought?
Acutely, Adams et al. (2014) found that both
P. contorta and P. ponderosa responded negatively
to more water-limiting conditions mediated by
the complex terrain in Gordon Gulch. At lower
elevations in Colorado, Redmond et al. (2017)
found that pi~
non pine on wetter sites responded
more negatively to summer VPD in years with
little winter precipitation. In relation to topographic position, Tague and Peng (2013) found
that mid-slope positions are potentially the most
sensitive to changes in water availability,
describes the changing nature of sites on midslopes. Testable hypotheses related to carbon on
mid-slope positions and increased sensitivity of
vegetation to drought could be conducted using
remotely sensed (i.e., lidar and hyperspectral
imaging) data to determine tree stress and mortality vs. topographic position metrics including
the hillslope normalized height and mid-slope
€hner 2008). Future models
index (Dietrich and Bo
for predicting tree growth and survival (e.g., Williams et al. 2013, Anderegg et al. 2015, McDowell and Allen 2015) must take into account the
non-linear effects of lateral redistribution of
water in complex terrain if they wish to improve
their prediction accuracy about where future tree
mortality is likely to occur and what changes in
the catchment-to-watershed-scale carbon and
water cycle can be expected.
12
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