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Abstract

Background: Forest resources supply a wide range of environmental services like mitigation of increasing levels of
atmospheric carbon dioxide (CO2). As climate is changing, forest managers have added pressure to obtain forest
resources by following stand management alternatives that are biologically sustainable and economically profitable.
The goal of this study is to project the effect of typical forest management actions on forest C levels, given a
changing climate, in the Moscow Mountain area of north-central Idaho, USA. Harvest and prescribed fire
management treatments followed by plantings of one of four regionally important commercial tree species were
simulated, using the climate-sensitive version of the Forest Vegetation Simulator, to estimate the biomass of four
different planted species and their C sequestration response to three climate change scenarios.

Results: Results show that anticipated climate change induces a substantial decrease in C sequestration potential
regardless of which of the four tree species tested are planted. It was also found that Pinus monticola has the
highest capacity to sequester C by 2110, followed by Pinus ponderosa, then Pseudotsuga menziesii, and lastly Larix
occidentalis.

Conclusions: Variability in the growth responses to climate change exhibited by the four planted species
considered in this study points to the importance to forest managers of considering how well adapted seedlings
may be to predicted climate change, before the seedlings are planted, and particularly if maximizing C
sequestration is the management goal.

Keywords: Carbon sequestration; Climate change; Forest vegetation simulator; General circulation model; Growth
and yield; LiDAR
Background
Forests cover about one third of the Earth’s terrestrial surface
and have great capacity to store and cycle carbon (C). Living
and dead wood, litter, detritus, and soil exceed the amount of
C present in the atmosphere [1,2]. Forest resources supply a
wide range of environmental services like mitigation of in-
creasing levels of atmospheric carbon dioxide (CO2). Recent
research shows how changes in forest cover and land use
affect CO2 emissions to the atmosphere [3]. Evolution of new
plant associations [4], shifts in the spatial distribution in tree
species [5], redistribution of populations to local climates [6],
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and changes in site index [7] are the effects that climate
change are having and are expected to have on forest
ecosystems now and in the future. Tree growth, mortal-
ity and regeneration potential are typically adversely af-
fected by the climate changing from the “normal”
conditions to which tree species have adapted [8-10].
Conversely, climate change may lead to increased
growth in other species [11] or other positive effects.
Ecosystem process-based models take the approach

of simulating underlying biogeochemical processes,
such as photosynthesis and respiration, using mathem-
atical equations that determine the allocation of C
from atmospheric CO2 into biomass. These models re-
quire parameterization for vegetation type, climate,
and site conditions that constrain net primary productivity
and ecosystem C balance. Forest-BGC (Biogeochemical
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Cycles) [12,13] and the Terrestrial Ecosystem Model (TEM)
[14] partition C based on water and nitrogen limitations.
The 3PG (Physiological Principles Predicting Growth) mo-
del has been linked to satellite image-derived estimates of
canopy photosynthetic capacity to estimate forest growth
[15,16]. Another alternative approach for assessing climate
change impacts is to merge a state and transition model
(STM) with the outputs from a dynamic global vege-
tation model such as MC1 [17] that predicts plant
communities under equilibrium conditions. The MC1
model is so named because it combines biogeographic
rules defined in the MAPSS [18] model with the
CENTURY [19] biogeochemical model, which focuses
on soil organic matter dynamics. The STANDCARB
[20] model simulates both living and dead C pool dy-
namics at the forest stand level, which comes closer to
what foresters expect as a measure of growth and yield.
LANDIS-II (Forest Landscape Disturbance and Succes-
sion) [21,22] simulates landscape-level forest succession
and disturbance processes, as well as forest management.
All of the aforementioned models have the capacity to
explore climate change effects on forest C sequestration,
and most can operate in a spatially-explicit manner.
As opposed to the suite of process-based models favored

by ecologists, forest managers traditionally use empirical
models for predicting forest growth and yield. As climate
is changing, forest managers have added pressure to ob-
tain forest resources by following stand management alter-
natives that are biologically sustainable and economically
profitable [23]. An empirical growth and yield model ex-
tensively used in the United States, the Forest Vegetation
Simulator (FVS), is an approved quantification tool by the
American Carbon Registry and is used broadly to predict for-
est stand dynamics. FVS operates at the individual tree level,
simulating growth, mortality, and regeneration based on em-
pirical studies. Forest managers use FVS to summarize and
predict current and future forest stand conditions under dif-
ferent management alternatives, where outputs obtained
from the model are used as inputs to forest planning models
and other uses [24]. Other uses of FVS take into account
how management and forest practices affect stand structure
and composition, determine suitability for wildlife habitat, es-
timate hazard ratings for insect disease outbreaks or poten-
tial fires, and calculate consequent losses from these events.
FVS is a powerful suite of models which has been linked to
Forest Service forest inventory data bases and geographic in-
formation systems, evolving into a useful suite of tools for
forest managers [25].
Climate-FVS is a recent improvement upon FVS that

includes functions which take climate change and species-
climate relationships into account when predicting tree
growth, mortality, and regeneration establishment [8].
General Circulation Models (GCM) are specified within
Climate-FVS since they are key to understanding future
climates [26]. The variability in GCM outputs resulting
from different model formulations and emissions scenar-
ios are accounted for by running Climate-FVS such that
different Climate-FVS runs are each informed by different
GCM outputs. Neither FVS nor Climate-FVS currently
have a spatial analysis capability.
Forest biomass and C stores and fluxes can be quanti-

fied at synoptic scales using remote sensing technolo-
gies, especially Light Detection And Ranging (LiDAR)
[27]. Current commercial airborne LiDAR systems emit
laser pulses of near-infrared light and measure the time
elapsed until the light reflects off of the vegetation or
ground and returns to the aircraft. Upwards of 100,000
laser pulses per second can be recorded, along with simul-
taneous inertial measurement unit (IMU) and global posi-
tioning system (GPS) measures of the aircraft position, to
return a 3-dimensional point cloud characterizing at high
resolution the x,y,z position of the ground and vegetation
surfaces. LiDAR canopy height measures can be related to
tree measures from forest inventory plots to map forest
structure attributes of utility to forest managers [28]. Stud-
ies have applied LiDAR to extrapolate plot-level measures
of forest biomass and C across forest landscapes [27,29],
demonstrating the utility of area-based modeling methods
for predicting (and mapping) current conditions.
While LiDAR and other remotely sensed data provide

a snapshot of forest conditions in time, growth models
such as FVS are commonly used to update the interval
years between inventories, be they traditional field sur-
veys or surveys that use both field and LiDAR or other
remotely sensed data. Forest managers use FVS for plan-
ning purposes and for updating inventories under the
assumption of an unchanging climate. This assumption
of unchanging climate may be practical for predicting
forest growth over the next 10 years or so. However,
given the consensus among scientists that climate is
changing, it is a difficult assumption to defend at longer
time scales, such as a century, or the 50–80 year rotation
length of managed, even-aged stands in the U.S. North-
west. In one previous study, Climate-FVS was employed
to study the efficacy of active management alternatives
applied in the aftermath of disturbances likely induced by
climate change in the Rocky Mountains of Colorado, USA
[30]. They concluded that adaptation-oriented mana-
gement was necessary to provide for forest cover and ac-
companying C stocks during the 21st century.
The primary objective of this study is to project the

effect of typical forest management actions on forest C
levels, given a changing climate, in the Moscow Mountain
area of north-central Idaho, USA (Figure 1). The second-
ary objective is to upscale plot-level projections from a
map of initial biomass conditions as mapped from 2009
LiDAR data across the 20,000 ha study area. Thus, results
are summarized at two scales: At the plot level, the trees



Figure 1 Study area location and map of initial conditions in 2010 aboveground live C across the Moscow Mountain study landscape,
derived following [29] from 2009 LiDAR and field plot data (locations overlaid).
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inventoried in 2009 are grown and summarized at decadal
intervals for one century (2010–2110) using Climate-FVS.
At the landscape level, the plot-level, decadal C projec-
tions are linked to a map of forest aboveground biomass
predicted from the same forest inventory plot data and a
2009 LiDAR survey. Since forest management decisions
are often made at the landscape level, the landscape-level
projections may better inform a forest manager of the
consequences of management alternatives on forest
growth in the context of climate change. An implicit as-
sumption in this study is that managers will want to sus-
tain as productive a forest as possible by maximizing C
sequestration on site.

Methods
Study area
Moscow Mountain is a western extension of the mixed-
conifer forest type that dominates north-central Idaho, with
agricultural lands more prevalent to the north, south, and
especially Washington to the immediate west (Figure 1).
Elevations range from 786 m to 1517 m, and annual rainfall
from 630 to 1015 mm, with most precipitation falling
during the winter and spring, while the summer and fall
are dry. The common tree species, listed in order of de-
creasing drought tolerance [31] are: ponderosa pine [PP]
(Pinus ponderosa), Douglas-fir [DF] (Pseudotsuga menzie-
sii), western larch [WL] (Larix occidentalis), grand fir [GF]
(Abies grandis), and western red cedar [RC] (Thuja
plicata). Typical habitat types are the PP series at xeric
sites on southern and western aspects, the DF and GF
series on respectively moister sites, and the cedar/hemlock
series on the most mesic sites on northern and eastern
aspects [32]. A volcanic ash cap layer is thicker on north-
east aspects and increases soil water holding capacity [33],
augmenting the important influence of aspect on forest
composition in this topographically complex landscape
(Figure 1). Moscow Mountain is the setting of four large
University of Idaho Experimental Forest management
areas, extensive landholdings by private timber companies,
as well as many private and some public land inholdings.
The landscape is actively managed, with 26% of the 20,000
ha study area harvested between 2003 and 2009 alone [29].

2009 Forest inventory
LiDAR data
LiDAR data were collected 30 June 2009 at a mean density
of 8.52 points/m2, including 50% overlap between adjacent
flight lines limited to a scan angle of ±14° from nadir. A
4.3 cm vertical accuracy was achieved. Ground returns
were classified using multiscale curvature classification
[34], from which a 1 m resolution digital terrain model
(DTM) was interpolated. LiDAR return elevations (Z)
were normalized for topography by subtracting the DTM
elevation from the LiDAR points, resulting in canopy
height measures at every X, Y location sampled by the
LiDAR. Canopy height, intensity, and density metrics
characterizing the canopy structure were calculated at a
cell resolution of 20 m across the entire LiDAR collec-
tion, along with topographic metrics from the DTM
resampled to the same 20-m x 20-m (400 m2) cells [29].
The same suite of LiDAR metrics were also calculated
from the normalized point cloud data and the DTM
surface located within 89 fixed-radius field plots sam-
pled across the study area.
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Field data
Field plots for forest inventory measurements in 2008
(4 plots) or 2009 (85 plots) were distributed following a
random stratified design based on topographic eleva-
tion, slope, aspect, and a Landsat satellite image-derived
map of percent canopy cover [29]. The 89 plots were
400 m2 in size, within which all trees >10 cm were tal-
lied. Saplings (≤10 cm and >1.37 m height) were tallied
across the entire plot and seedlings (≤1.37 m height)
within a 20 m2 subplot situated at plot center. Multiple
plot center positions were logged using global posi-
tioning system (GPS) units with differential correction
capability and averaged for an estimated plot location
uncertainty of about one meter.

Forest aboveground biomass C map
Tree biomass estimates aggregated at the plot level were
associated with the plot-level LiDAR metrics in an im-
putation model, with species-level plot biomass forming
the response variables and the LiDAR metrics forming
the explanatory variables. These plot-level field and
LiDAR data comprised the reference plots for imputing
forest aboveground biomass across the Moscow Mountain
landscape, with the gridded LiDAR metrics represent-
ing the target cells where LiDAR data were available
but field data were not. Imputation was used to assign
the ground-measured attributes of the 89 plots to simi-
larly sized target cells where no ground-measures were
taken. The 89 plots are called reference observations
and the gridded cells are called target observations [35].
In this case, the 400 m2 target cells were each assigned
one of the 89 possible 400 m2 reference observations of
total aboveground tree biomass. The act of making
this assignment is an imputation. The assignments
depended on the similarity of the LiDAR metrics in the
target cells to those in the reference plots. The closest
reference observation in a multivariate space defined by
LiDAR metrics is its nearest neighbor. The exact defin-
ition of the multivariate space used in computing the
distances is conditioned by the relationships between
the LiDAR metrics and the biomass metrics that are
evident in the 89 sample plots where both sets of met-
rics are known. An advantage of imputation is that it
maintains the co-variance relationships between all plot
attributes, meaning any measurements taken on a plot
can also be imputed, even if they play no part in nearest
neighbor selection. Therefore, the plot-ID correspond-
ing to the imputed aboveground tree biomass reference
observations mapped by [29] was itself mapped as an
ancillary variable for this study.

Climate-FVS
Like the standard FVS model, Climate-FVS reads initial
stand or plot inventory information and uses it as
starting values. In addition, Climate-FVS reads an add-
itional input file that contains climate metrics (measures
of temperature and precipitation as projected by down-
scaled GCM outputs) and species viability information
that are specific to the location and elevation of the site
being simulated. This additional file is generated using
the “Get Climate-FVS Ready Data” webpage on the
Rocky Mountain Research Station (RMRS) website [36]
and requires a text file containing longitude, latitude, and
elevation for each plot location. The mortality submodel
increases mortality rates when tree species viability scores,
ranging from 0–1, drop below 0.5 [8]. High-mortality rates
may lead to the loss of some currently existing tree species
in future years; Climate-FVS estimates that if viability
scores decrease to <0.2, then the species is absent, with a
chance of survival equal to zero. This study used Version
1 of Climate-FVS, which does not take into account genet-
ically different populations of the same tree species for
predicting mortality rates.
In this study, each plot was projected using a standard

forest management option (clearcut harvesting initiated
when stocking reaches 65% of normal, followed by pre-
scribed burning and tree planting at a density of 200
trees/acre) under one of twelve treatments. The twelve
treatments were combinations of four planted species
(PP, DF, WL, WP (western white pine (Pinus monticola))
and three climate model outputs which form our climate
change scenarios (Figure 2). The three GCMs used in
this study are from the Canadian Center for Climate
Modeling and Analysis Global Coupled Model (CGM),
the Geophysical Fluid Dynamics (GFD) Laboratory at
Princeton University, and the Met Office Hadley Centre
(HAD) in the United Kingdom. Each climate change
scenario corresponds to one GCM run according to the
A2 emission scenarios [37] as described by [36]. We
used the A2 emission scenarios assuming the highest
levels rather than the lower B levels because current
greenhouse gas levels are already higher than those con-
templated when the climate model projections were
made. The plot data were projected considering the four
management treatments (plus one control) and three
GCM scenarios (plus one control), or 5 x 4 = 20 projec-
tions per plot. In addition, a single control without man-
agement and without climate change was run for each
plot. In this study, the Climate-FVS C projections for a
given treatment and GCM combination varied solely as
a result of the variability in initial conditions as mea-
sured across the 89 sample plots.
Tree growth from 2008–2009 tree diameter measures

was projected to 2010 as a starting point, then projected
for 100 years while summarizing at decadal intervals. Be-
sides the standard FVS outputs (stem density, basal area,
volume, etc.), two additional outputs were requested:
The first is called the Carbon Report and provides the



Figure 2 Schematic of management and climate scenarios projected for 100 years with Climate-FVS, including management and climate
controls, based on 89 field plots, four tree species planted following management treatments, and three Global Circulation Models.
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total aboveground live tree C as well as belowground live
C, aboveground dead tree C, and total stand C. Also, it
provides the C amount in the forest floor, forest shrubs,
forest down dead wood, and the C that is removed by
harvesting. The second special report is called the TREE-
BIO report and it provides biomass of live and dead trees,
standing and removed trees, and breaks down the biomass
into stem, crown, or live foliage. It returns estimated bio-
mass in dry weight tons per acre, which is then multiplied
by 0.5 to convert to C units [38].

Computing area-wide totals
In a previous study [29], plot-level aboveground tree bio-
mass at the 89 sample plots was measured and then
those measurements were imputed to similarly sized map
cells derived from the LiDAR, to form a study area-wide
biomass map. Indeed, as stated above, those ground-based
measurements are the same as the initial inventory data
used here. A byproduct of the work by [29] was a data table
that relates each of the 89 inventory plot projections to
counts of the number of map cells in the study area to
which each plot was imputed; these map cell counts served
as weights in computing area-wide C projections. To map
C projections across the study area (Figure 1), the plot-level
C projections were joined to the map of imputed plot-IDs.

Results
Plot-level C sequestration
Treatments and controls show a general tendency to in-
crease C pools starting in 2010. Relative to the no man-
agement controls, management treatments always result
in lower standing live tree C storage by 2110 regardless
of tree species planted (Figures 3 and 4). Among these
four species, PP plantings sequester C at the fastest rate
in the first 50 years, but then C storage declines to 2110.
DF and WL show the same trends but with less magni-
tude; DF peaks approximately a decade later, while WL
trajectories are the least dynamic. Only WP steadily



Figure 3 Box and whisker plots of projected aboveground live C, with management treatments including plantings of four different
tree species, under the A) Canadian Global Model (CGM), B) Geophysical Fluid Dynamics (GFD), and C) Hadley (HAD) climate change
scenarios. Lines connecting the boxplots indicate the medians, boxes indicate the 25th to 75th percentiles, and vertical dashed whiskers indicate
the ranges calculated across the 89 plots at decadal intervals. The solid line control represents the climate scenarios without management. The
dotted line control represents the mean trend of the 89 plots with no management and no climate change.
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accumulates C to 2110, except under the CGM climate
change scenario (Figures 3 and 4).
Similarly, C sequestration is invariably lower under all

three climate change scenarios compared to the no
climate change control. Among the three climate change
scenarios, the CGM scenario results in the lowest C
storage, while C levels are intermediate under the GFD
and HAD scenarios (Figures 3 and 4). The mean of the



Figure 4 Box and whisker plots of projected aboveground live C under four climate change scenarios with management treatments
including plantings of A) ponderosa pine (PP), B) Douglas-fir (DF), C) western larch (WL), and D) western white pine (WP). Lines
connecting the boxplots indicate the medians, boxes indicate the 25th to 75th percentiles, and vertical dashed whiskers indicate the ranges
calculated across the 89 plots at decadal intervals. The solid line control represents the planted species without climate change. The dotted line
control represents the mean trend of the 89 plots with no management and no climate change.
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full control projections that exclude both climate change
and management is presented as a dotted line for refer-
ence in Figures 3 and 4.
Figures 3 and 4 illustrate plot-level projections for the

aboveground live C pool, which is the largest of the C
pools reported by Climate-FVS, but trends are similar
for the other reported C components: belowground live,
aboveground dead, and harvest removal (Figure 5). Among
the four alternative plantings considered, planting WP se-
questers the most C by 2110; it therefore comes closest to



Figure 5 Plot-level means of C pools projected at decadal intervals with management treatments including plantings of WP under the
A) Canadian Global Model (CGM), B) Geophysical Fluid Dynamics (GFD), C) Hadley (HAD), and D) No Climate Change scenarios.
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the control scenario that maximizes C sequestration, which
is why we selected it as an illustrative example (Figure 5).
Even if harvest removals are added to the other C pools
that comprise total C on site, total C under every alterna-
tive climate scenario or management treatment is always
less than the total C projected under the control scenario
of no climate change. Because the C component pool
trends remain consistent, the results reported in this paper
focus on the aboveground live C, the most relevant C pool
for managing forest C stores on site.

Landscape-level C sequestration
Anticipated climate change induces a significant decrease
in C sequestration potential regardless of which of the four
tree species tested are planted (Figure 6). No climate
change results in the greatest C storage regardless of tree
species planted in the management treatments. C seques-
tration of PP plantings peaks earliest (2050–2060); DF
plantings peak slightly later (2060–2080); WL plantings
(besides the control) show the least amount of change;
WP plantings produce the highest total C by 2110 of all
four planted species in all three climate scenarios and the
no climate change control; only the CGM scenario shows
a decline, after peaking in 2050. Among the climate
change scenarios (excepting the control scenario), HAD
usually produces the largest C pools, followed closely by
GFD, while CGM results in the lowest C storage.
Figure 7 shows an example of the landscape-level maps

summarized in Figure 6, with projected 2110 aboveground
live C after management with WP plantings, under the
scenarios of no climate change or the three GCMs. The
spatial patterns in C as depicted in Figure 7 are invariant
because no attempt was made to predict the location of
management treatments. However, depending on which
climate change scenario is considered, the overall magni-
tude of C sequestration is dramatically affected by 2110.
Similar differences are evident if maps of the different tree
plantings are compared, but are not included here for
brevity, as the cumulative magnitude of landscape-level
differences in C sequestration are already indicated in
Figure 6.

Discussion
For brevity, only the results for aboveground live C are
presented in this paper, but the trends in the below-
ground live, aboveground dead, total, and other C pools
reported in the FVS C report are similar, in that they are
linked to the tree growth projections that comprise the
growth engine that drives FVS and Climate-FVS [8,25].
Productivity rates drop dramatically when climate change
is involved in the projections. Moreover, total production
of wood volume at each simulated time step is the current
standing volume of trees plus harvest removals for that
timestep, which are ongoing over the simulation period.
Tracking total production in this manner shows that a de-
crease in total production is due to the increased tree mor-
tality projected by Climate-FVS, due to declining tree
species viability scores. The Climate-FVS output shows that
climate change is responsible for the detriment of the tree
species initially present in the stands. The CGM climate
scenario had the greatest impact among the three GCMs
tested in this study.
Much of the following discussion considers elements of

uncertainty. We highlight some specific issues emerging
from this analysis that we feel are noteworthy, rather than
several other potential sources of error – such as those re-
lated to the underlying FVS growth model as it is already
broadly applied [24]. A few things are firmly understood
and one of them is that climate is changing. While the
GCM predictions differ, none predict that climate is not
changing; furthermore, the magnitude of change is sub-
stantial. Another firm idea is that management deci-
sions need to be made that depend on predictions about
the future. Uncertainty, therefore, cannot be avoided.
Climate-FVS is intended as a decision-making tool for
forest managers despite the uncertainties implicit with
climate change.
We caution that the uncertainties in these C projec-

tions are at least as high as the uncertainties in the
GCMs themselves. This uncertainty would be expected
to increase with time since the initial conditions were
specified. Thus, it is more likely that PP may show the
most favorable growth response to climate change in the
next 50 years, than that WP may show the most favor-
able response in the next 100 years (Figures 3 and 4).
More important is the trend that all four planted species
show a depressed ability to sequester C if forecasted
warming and drying occurs, than if it does not (control
scenarios). Of the four planted species considered, WP
shows the most resilience to long-term climate change
effects on C sequestration, while WL shows the least
resilience to climate change. This agrees with the par-
ticularly deleterious effects of climate change on WL as
noted by [39], who predicted dramatic latitudinal and
altitudinal shifts in the climate space suitable for WL.
Forecasted rates of climate change are expected to ex-
ceed the rates that trees, especially WL, can migrate to
their shifted climate space, bolstering calls for assisted
migration [40] of seeds from distal sources. Seeds from
different sources have different capacities to store C, but
the expression of these differences depends on the envir-
onment [9,40,41]. Variability in the growth responses to
climate change exhibited by the four planted species
considered in this study points to the importance to for-
est managers of considering how well adapted seedlings
may be to predicted climate change, before the seedlings
are planted. These decisions may involve not just the
tree species growing on Moscow Mountain, but also



Figure 6 Column graph illustrating aboveground live C stores projected at decadal intervals under three climate change scenarios
(plus control) and averaged across the Moscow Mountain study landscape following management treatments with plantings of A)
ponderosa pine (PP), B) Douglas-fir (DF), C) western larch (WL), and D) western white pine (WP).
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other species and spatially disjunct seed sources used to
regenerate them.
There are additional sources of potential error in these

simulations. As pointed out by [8], the Climate-FVS
model uses empirically calibrated species-climate rela-
tionships based on the observed presence and absence
of species. These data capture the realized niche of spe-
cies that are due to competitive relationships between
trees of different species as well as climate. The potential
niche space is, by definition, larger than the observed, or
realized, niche. Climate-FVS does not attempt to capture
the potential niche effect and therefore it may overstate
the effect of climate change on composition. On the
other hand, there is a dearth of data that can be used to
measure the largely unobservable potential niche.
In managed forests in the U.S. Northwest, investment

in initial species establishment success following har-
vesting is required by law under state forest practices le-
gislation. So, in general, managers have no choice but
to conduct silvicultural treatments such as prescribed
burning, planting, spraying, and subsequent replanting
as needed, in order to successfully regenerate stands
with target species composition. However, our results
show that subsequent interactions among climate and



Figure 7 Aboveground live C projected in 2110 across the Moscow Mountain study area, as exemplified by the management
treatment that includes planting WP, per the A) Canadian Global Model (CGM), B) Geophysical Fluid Dynamics (GFD), C) Hadley (HAD),
and D) No Climate Change scenarios. A published map of aboveground tree biomass as predicted from field plots and a 2009 LiDAR
collection (Figure 1) was used to define the same initial conditions used in all projections.

Gálvez et al. Carbon Balance and Management 2014, 9:1 Page 11 of 13
http://www.cbmjournal.com/content/9/1/1
productivity that affect intermediate stand development
may still be evident. It is unclear how species-specific in-
teractions of climate and stand productivity may manifest
themselves in mixed stands where interspecific competi-
tion is also at play.
Other modeling approaches to addressing climate

change arguably could be used instead of Climate-FVS.
The principle shortcoming of FVS and Climate-FVS cur-
rently is that it does not ingest spatially explicit inputs
or operate in a spatially explicit analysis framework, as
do many ecosystem process-based models [e.g., 14,15,17,
21,22]. Furthermore, forest-BGC [12,13], 3PG [15], and
STANDCARB [20] were initially developed in and hence
are well parameterized for U.S. Northwest forests. An
application of MC1 in the U.S. Northwest [42] is particu-
larly relevant in that it considers altered disturbance re-
gimes due to climate change, and climate change effects
on species assemblages. We view the fact that Climate-
FVS operates at the level of individual tree species as an
advantage for our study, because adaptation to climate
change acts at the species level [10]. Landscapes like
Moscow Mountain will likely remain a temperate conifer-
ous forest for the next 100 years; it is the composition of
that forest and rates of change in composition within that
forest that are likely to change. Climate-FVS is arguably
the best model to use in this context. We also chose to
use Climate-FVS in deference to local managers’ desire to
manage forests on Moscow Mountain for timber produc-
tion. The four species we selected for planting following
treatment are the most marketable tree species.
Our field plots sampled the Moscow Mountain land-
scape following a random stratified design, and simu-
lated management treatments were distributed across
the landscape according to their imputed plot-ID; this is
why the plot-level and landscape-level projections in this
study show similar trends and lead to the same conclu-
sions. It would be more realistic and useful to allow the
user to target specific locations (i.e., stands) for treat-
ment, such as topographic positions with habitat types
and tree species that may be more vulnerable to mortal-
ity from a warmer and/or drier climate. For instance, it
is reasonable to assume that currently wetter NE aspects
will remain wetter than SW aspects even as climate
changes, because topographic variables are practically
static even as climate is dynamic. Although we have
linked forest growth projections to existing forest struc-
ture as characterized with LiDAR across the landscape,
further research is needed to consider landscape context
in future growth projections and management treatment
alternatives. Indeed, the application of FVS and Climate-
FVS within a spatially explicit modeling framework is an
object of current development work.

Conclusions
Different tree species sequester C at different rates, as
constrained by genetics, site characteristics, and their
interaction. Tree growth, total incremental production,
and species viability are projected to be negatively af-
fected by climate change in this mixed conifer forest in
north-central Idaho, USA. While there are uncertainties
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in the GCMs, and differences between their outputs,
there is little doubt that climate is changing. The pro-
jected declines in forest productivity and C sequestration
potential under widely accepted climate scenarios dele-
teriously affect the four major commercial tree species
most commonly planted in this environment. However,
subsequent analyses to further understand potential cli-
mate impacts should distinguish among climate impacts
on stand productivity, timing of individual stand harvests
over the landscape, and optimally replanting individual
stands to a variety of possible species or mixed-species
alternatives over time in the context of landscape-level for-
est planning. Climate-FVS provides a powerful tool to for-
est managers regarding which trees to plant for mitigating
the effects of global warming.

Competing interests
The authors declare that they have no competing interests.

Authors’ contributions
FG conducted analysis, summarized results, wrote initial draft. AH conceptualized
and supervised the study, wrote most of the manuscript in its current form. JB
trained FG to use Climate-FVS, graphed results, helped write. NC led development
of Climate-FVS, selected climate change scenarios, helped write. RK selected
management treatment scenarios, provided critical feedback, helped write. All
authors read and approved the final manuscript.

Acknowledgements
Fabián B. Gálvez expresses his sincere gratitude to Experience International,
U.S. Forest Service (USFS) International Programs, the USFS Rocky Mountain
Research Station, and all the helpful personnel at the Moscow Forestry
Sciences Lab for their support.

Author details
1USDA Forest Service, Rocky Mountain Research Station, 1221 South Main St.,
Moscow, ID 83843, USA. 2Department of Forest, Rangeland, and Fire
Sciences, University of Idaho, 975 West 6th St., Moscow, ID 83844-1133, USA.

Received: 2 November 2013 Accepted: 14 January 2014
Published: 4 February 2014

References
1. Food Agriculture Organization of the United Nations: (FAO) Global Forest

Resource Assessment. Progress Towards Sustainable Forest Management. 147,
VialedelleTerme di Caracalla, Rome, Italy: Food and Agriculture Organization
of the United Nations Forestry; 2005.

2. Heath LS, Smith JE, Skog KE, Nowak DJ, Woodall CW: Managed forest
carbon estimates for the US greenhouse gas inventory 1990–2008.
J For 2010, 109:167–173.

3. McKinley DC, Ryan MG, Birdsey RA, Giardina CP, Harmon ME, Heath LS,
Houghton RA, Jackson RB, Morrison JF, Murray BC, Pataki DE, Skog KE:
A synthesis of current knowledge on forests and carbon storage in the
United States. Ecol Appl 2011, 21:1902–1924.

4. Jackson ST, Overpeck JT: Responses of plant populations and
communities to environmental changes of the late quaternary. Paleobio
2000, 26:194–220.

5. Iverson LR, Prasad AM: Predicting abundance of 80 tree species following
climate change in the eastern United States. Ecol Monogr 1998,
68:465–485.

6. Tchebakova NM, Rehfeldt GE, Parfenova E: Redistribution of vegetation
zones and populations of Larix sibirica Ledeb and Pinus sylvestris L. in
Central Siberia in a winning climate. Sib J Ecol 2003, 10:677–686. in
Russian.

7. Monserud R, Yang Y, Huang S, Tchebakova N: Potential change in lodge
pole pine site index and distribution under climatic change in Alberta.
Can J For Res 2008, 38:343–352.
8. Crookston N, Rehfeldt G, Dixon G, Weiskittel A: Addressing climate change
in the forest vegetation simulator to assess impacts on landscape forest
dynamics. For Ecol Mgmt 2010, 260:1198–1211.

9. Rehfeldt GE, Ying CC, Spittlehouse DL, Hamilton DA: Genetic responses to
climate in Pinus contorta: niche breadth, climate change, and
reforestation. Ecol Monogr 1999, 69:375–407.

10. Rehfeldt GE, Crookston NL, Warwell MV, Evans JS: Empirical analyses of
plant–climate relationships for the western United States. Int J Plant Sci
2006, 167:1123–1150.

11. Messaoud Y, Chen HYH: The influence of recent climate change on tree
height growth differs with species and spatial environment. PLoS ONE
2011, 6:e14691. Doi: 10.1371/journal.pone.0014691.

12. Running SW, Coughlan JC: A general model of forest ecosystem
processes for regional applications I. Hydrologic balance, canopy gas
exchange and primary production processes. Ecol Mod 1988, 42:125–154.

13. Running SW, Gower ST: FOREST-BGC, A general model of forest
ecosystem processes for regional applications. II. Dynamic carbon
allocation and nitrogen budgets. Tree Physiol 1991, 9:147–160.

14. Chen M, Zhuang Q: Spatially explicit parameterization of a terrestrial
ecosystem model and its application to the quantification of carbon
dynamics of forest ecosystems in the conterminous United States.
Earth Interactions 2012, 16:1–22.

15. Landsberg JJ, Waring RH: A generalized model of forest productivity
using simplified concepts of radiation use efficiency, carbon balance and
partitioning. For Ecol Mgmt 1997, 95:209–228.

16. Coops NC, Waring RH, Landsberg JJ: Assessing forest productivity in
Australia and New Zealand using a physiologically-based model driven
with averaged monthly weather data and satellite derived estimates of
canopy photosynthetic capacity. For Ecol Mgmt 1998, 104:113–127.

17. Bachelet D, Lenihan JM, Daly C, Neilson RP, Ojima DS, Parton WJ: MC1: a
dynamic vegetation model for estimating the distribution of vegetation and
associated carbon, nutrients, and water—technical documentation. Version 1.0.
Gen. Tech. Rep. PNW-GTR-508. Portland, OR: U.S. Department of Agriculture,
Forest Service, Pacific Northwest Research Station; 2001:95.

18. Neilson RP: A model for predicting continental-scale vegetation distribution
and water balance. Ecol App 1995, 5:362–385.

19. Parton WJ, Schimel DS, Cole CV, Ojima DS: Analysis of factors controlling
soil organic matter levels in Great Plains grasslands. Soil Sci Soc Amer Jrnl
1987, 51:1173–1179.

20. Harmon ME, Marks B: Effects of silvicultural treatments on carbon stores
in forest stands. Can J For Res 2002, 32:863–877.

21. Mladenoff DJ: LANDIS and forest landscape models. Ecol l Mod 2004,
180:7–19.

22. Scheller RM, Domingo JB, Sturtevant BR, Williams JS, Rudy A, Gustafson EJ,
Mladenoff DJ: Design, development, and application of LANDIS-II, a
spatial landscape simulation model with flexible spatial and temporal
resolution. Ecol Mod 2007, 201:409–419.

23. Hummel S, Hudak AT, Uebler EH, Falkowski MJ, Megown KA: A comparison
of accuracy and cost of LiDAR versus stand exam data for landscape
management on the Malheur National Forest. J For 2011, 109:267–273.

24. Crookston NL, Dixon GE: The forest vegetation simulator: a review of its
structure, content, and applications. Comput Electron Agric 2005, 49:60–80.

25. Dixon GE: (Comp.) Essential FVS: A user’s guide to the forest vegetation
simulator. Internal Report. Fort Collins, CO: U.S. Department of Agriculture,
Forest Service, Forest Management Service Center; 2008:189.

26. Rehfeldt G, Crookston N, Saenz- Romero C, Campbell E: North American
vegetation model for land-use planning in a changing climate: a solution
to large classification problems. Ecol Appl 2012, 22:119–141.

27. Goetz S, Dubayah R: Advances in remote sensing technology and
implications for measuring and monitoring forest carbon stocks and
change. Carb Mgmt 2011, 2:231–244.

28. Hudak A, Evans J, Smith A: LiDAR utility for natural resource managers.
Rem Sens 2009, 1:934–951.

29. Hudak A, Strand E, Vierling L, Byrne J, Eitel J, Martinuzzi S, Falkowski M:
Quantifying above forest carbon pools and fluxes from repeat LiDAR
surveys. Rem Sens Environ 2012, 123:25–40.

30. Buma B, Wessman CA: Forest resilience, climate change, and
opportunities for adaptation: a specific case of a general problem. For
Ecol Mgmt 2013, 306:216–225.

31. Daubenmire R: Vegetation: identification of typal communities. Science
1966, 151:291–298.



Gálvez et al. Carbon Balance and Management 2014, 9:1 Page 13 of 13
http://www.cbmjournal.com/content/9/1/1
32. Cooper SV, Neiman KE, Roberts DW: Forest habitat types of northern Idaho:
A second approximation. Gen. Tech. Rep. INT-236. Ogden, UT: U.S.
Department of Agriculture, Forest Service, Intermountain Research Station;
1991:143.

33. Kimsey MJ Jr, Garrison-Johnston MT, Johnson L: Characterization of volcanic
ash-influenced forest soils across a geoclimatic sequence. Soil Sci Soc Am J
2011, 75:267–279.

34. Evans JS, Hudak A: A multi scale curvature algorithm for classifying
discrete return lidar in forested environments. IEEE Trans Geosci Rem Sens
2007, 4:1029–1038.

35. Eskelson BNI, Temesgen H, LeMay V, Barrett TM, Crookston NL, Hudak AT:
The roles of nearest neighbor methods in imputing missing data in
forest inventory and monitoring databases. Scand J For Res 2009,
24:235–246.

36. USDA Forest Service: Climate-FVS Ready Data. Moscow, ID: U.S. Department
of Agriculture, Forest Service, Rocky Mountain Research Station, Forestry
Science Laboratory; 2013. http://forest.moscowfsl.wsu.edu/climate/
customData/fvs_data.php. (accessed November 2012).

37. Intergovernmental Panel on Climate Change (IPCC): Summary for
policymakers: emissions scenarios. Special report of IPCC working group III
2000:21. ISBN 92-9169-113-5.

38. USDA Forest Service: FVS Training Guide. NFS-Northern Region. Fort Collins,
CO: U.S. Department of Agriculture, Forest Service, Forest Management
Service Center; 2011:128.

39. Rehfeldt GE, Jaquish BC: Ecological impacts and management strategies
for western larch in the face of climate-change. Mitig Adapt Strat Global
Change 2010, 15:283–306.

40. Williams MI, Dumroese RK: Preparing for climate change: forestry and
assisted migration. J For 2013, 111:287–297.

41. Mátyás C: Modeling climate change effects with provenance test data.
Tree Physiol 1994, 14:797–804.

42. Halofsky JE, Hemstrom MA, Conklin DR, Halofsky JS, Kerns BK, Bachelet D:
Assessing potential climate change effects on vegetation using a linked
model approach. Ecol Mod 2013, 266:131–143.

doi:10.1186/1750-0680-9-1
Cite this article as: Gálvez et al.: Using climate-FVS to project
landscape-level forest carbon stores for 100 years from field
and LiDAR measures of initial conditions. Carbon Balance and
Management 2014 9:1.
Submit your manuscript to a 
journal and benefi t from:

7 Convenient online submission

7 Rigorous peer review

7 Immediate publication on acceptance

7 Open access: articles freely available online

7 High visibility within the fi eld

7 Retaining the copyright to your article

    Submit your next manuscript at 7 springeropen.com

http://forest.moscowfsl.wsu.edu/climate/customData/fvs_data.php
http://forest.moscowfsl.wsu.edu/climate/customData/fvs_data.php

	Abstract
	Background
	Results
	Conclusions

	Background
	Methods
	Study area
	2009 Forest inventory
	LiDAR data
	Field data
	Forest aboveground biomass C map

	Climate-FVS
	Computing area-wide totals

	Results
	Plot-level C sequestration
	Landscape-level C sequestration

	Discussion
	Conclusions
	Competing interests
	Authors’ contributions
	Acknowledgements
	Author details
	References

