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Abstract: Globally, there are myriad situations in which people aim to conserve, restore, or manage
forest ecosystems at small spatial scales of 50 ha or less. To inform management, forest dynamics
models provide an increasingly diverse and valuable portfolio of tools for projecting forest change un-
der different management and environmental conditions. Yet, many models may not be appropriate
or feasible to use in small forest management because of their design for larger-scale applications, the
information needed to initialize models, or discrepancies between model outputs and information
relevant for small forest management objectives. This review explores the suitability of 54 existing
forest dynamics models to inform the management of small forests. We evaluated the characteristics
of each model using five criteria with implications for small forest management: spatial resolution,
number of species the model can simulate, inclusion of spatial structure, modeling approach, and
mechanistic detail. While numerous models can be suitable under certain conditions, the review
criteria led us to conclude that two models offered the broadest versatility and usability for small
forest contexts, SORTIE and FORMIND. This review can help orient and guide small forest managers
who wish to add modeling to their forest management efforts.

Keywords: simulation models; mixed-species models; spatially explicit models; empirical models;
process-based models; mechanistic models

1. Introduction

Trends of increasing forest fragmentation [1,2], parcellation [3], devolution of forest
stewardship [4], and forest cover gains in fragmented landscapes [5] are seen around
the world—all of which can result in more forest fragments and parcels being managed
at smaller scales [6]. In the United States, for instance, forest land area has remained
relatively stable for several decades [7–9], but the mean size of individual forest parcels has
steadily decreased due to continued parcellation, land conversion, and fragmentation [10].
Forests that exist or are managed as parcels less than 50 ha in size have thus increased in
number [11,12] and make up about 95% of the nation’s privately owned forests [13]. In
addition to private properties, small forests are also found as green spaces in urban and
residential areas, in nature reserves and state parks, and as woodlands or woodlots in other
fragmented landscapes.

While fragmentation and parcellation are significant threats to the ecological integrity
of forested landscapes [2], people are increasingly recognizing the value of small forests for
the host of ecosystem services and benefits they offer [14–19]. In both urban and agricultural
landscapes, small forests provide ecosystem functions including nutrient cycling, soil
stabilization, water purification, flood control, and carbon sequestration. Small forests
can also offer an array of recreational or economic opportunities including walking trails
and timber production. Some contain rare species, communities, and ecosystems or are
prized for the biological or cultural heritage they represent. Many small, forested lands are
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managed to preserve historical landmarks and educate its visitors. In urban areas, forested
greenspaces can significantly improve individual and community well-being and public
health by providing desired aesthetics, reducing noise and heat, improving air quality, or
offsetting carbon dioxide emissions [17,18]. Furthermore, while fragmentation is generally
detrimental to service provision, the persistence of small forests within a fragmented
landscape can still promote landscape biodiversity by providing habitat connectivity for
pollinators, birds, and other wildlife [20].

In addition to the aims of maintaining or enhancing these benefits, many small forest
managers must also face concerns about the future of the small areas they manage. Envi-
ronmental changes and anthropogenic stressors such as climate change, altered land use,
pests and invasive species, and limiting resources can directly alter forest tree density, com-
position, and structure [15,16,21]. Natural disturbances (or lack thereof) including storms,
drought, and fire can result in undesired effects on forest health and function [18,21,22].
In addition, managing forest composition or structure for multiple uses often requires
complex coordination with governmental agencies, forest users, and other stakeholders
to meet management objectives and optimize benefits. This is especially evident in urban
greenspaces and parks as forest managers balance recreational use and aesthetic value with
forest ecological integrity and habitat quality [17,18,23]. As one forest parcel can influence
the potential of another, coordination with managers and stakeholders of adjacent lands
may also be necessary [14,18,19,23].

The types and extent of benefits that small forests provide depend on the attributes
of the structure and composition, ecosystem functioning, and landscape-level context of
forest parcels [16]. Understanding how these attributes of forests will change through
time as a result of internal community dynamics, succession, feedbacks with ecological
processes, management interventions, disturbance, and other environmental factors, is vital
for restoring, sustaining, and enhancing desired ecological services and benefits [21,24,25].
For instance, altered surface hydrology and invasive plants can result in population declines
of valued tree or plant species, or reduced resilience to natural disturbances [21]. As a
consequence, the management concerns of small forest stewards tend to focus on how forest
structure/composition, ecosystem function, and landscape-scale attributes will change
under the influence of different drivers, and how different management alternatives can
direct that change [26,27]. Forest dynamics models have become increasingly valuable tools
for simulating and projecting change in forest attributes through time based on current
conditions or knowledge about forest structure and behavior [25,27]. There are many forest
dynamics models available, each developed to predict certain forest attributes at a specified
spatial resolution. Among them, models with outputs relating to forest composition and
structure, ecosystem functions, and landscape-level changes can potentially inform many
common small forest management concerns (Figure 1). Yet, some small forest management
concerns, such as faunal diversity, visitor accessibility, or stream health, may not be directly
informed from using forest dynamics models, unless coupled with additional ecological
knowledge to predict these conditions from modeled forest attributes [28].
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Figure 1. Small forest management concerns that can be informed by forest dynamics models, and 
the types of forest dynamics model outputs and response variables that can help address them. They 
are grouped in columns as issues related to forest structure and composition, ecosystem function, 
and landscape-scale patterns and processes. Management concerns with closed bullets may be rel-
evant for many types of small forests, including urban forests, parks, isolated forest fragments, and 
small parcels within contiguous forested landscapes. Open bullets, which relate to timber produc-
tion and larger forested matrices, are generally not relevant for urban forests. Superscripted citations 
provide examples from the literature [5,16–19,21,22,24,25,28–49]. 

Despite the broad utility of forest dynamics models, some may not be appropriate 
for small forests or the particular forest attributes of interest in a given management con-
text. Each model entails assumptions and simplifications. The model’s representation of 
ecological dynamics and outputs must align with the complexity and level of detail re-
quired to inform specific management concerns, in a number of important ways 
[24,31,50,51]. First, models that simulate dynamics at large spatial scales may not help 
address particular small forest management concerns such as local species turnover dur-
ing succession or regeneration and competition in single treefall gaps [25,28,52]. Second, 
models developed for single tree species or specific forest types may not be informative 
for managers of multi-use, mixed small forests, who are often concerned with multi-spe-
cies community structure and dynamics that contribute to the forest’s desired ecosystem 
services [26,27]. Third, because of the smaller spatial scale, it is more critical to understand 
localized ecological interactions that depend on the explicit spatial relations among trees, 
often at the level of individual trees [53]. Fourth, managers are often striving to anticipate 
the consequences of environmental change or novel ecological conditions; models that 
simulate forest change based on underlying processes rather than past empirical observa-
tions will be better able to predict novel dynamics and outcomes [28,54]. Lastly, however, 
models that simulate underlying processes may require detailed physiological data to pa-
rameterize, which are rarely available for non-commercial tree species and may be tech-
nically difficult or impossible for small forest managers to obtain themselves [28]. Manag-
ers or model users may opt to use simpler models to avoid the extensive input information 
or complex calculations [24,27,55]. Choosing a model is therefore dependent on aligning 

Figure 1. Small forest management concerns that can be informed by forest dynamics models, and
the types of forest dynamics model outputs and response variables that can help address them. They
are grouped in columns as issues related to forest structure and composition, ecosystem function, and
landscape-scale patterns and processes. Management concerns with closed bullets may be relevant
for many types of small forests, including urban forests, parks, isolated forest fragments, and small
parcels within contiguous forested landscapes. Open bullets, which relate to timber production and
larger forested matrices, are generally not relevant for urban forests. Superscripted citations provide
examples from the literature [5,16–19,21,22,24,25,28–49].

Despite the broad utility of forest dynamics models, some may not be appropriate
for small forests or the particular forest attributes of interest in a given management
context. Each model entails assumptions and simplifications. The model’s representation of
ecological dynamics and outputs must align with the complexity and level of detail required
to inform specific management concerns, in a number of important ways [24,31,50,51].
First, models that simulate dynamics at large spatial scales may not help address particular
small forest management concerns such as local species turnover during succession or
regeneration and competition in single treefall gaps [25,28,52]. Second, models developed
for single tree species or specific forest types may not be informative for managers of
multi-use, mixed small forests, who are often concerned with multi-species community
structure and dynamics that contribute to the forest’s desired ecosystem services [26,27].
Third, because of the smaller spatial scale, it is more critical to understand localized
ecological interactions that depend on the explicit spatial relations among trees, often
at the level of individual trees [53]. Fourth, managers are often striving to anticipate the
consequences of environmental change or novel ecological conditions; models that simulate
forest change based on underlying processes rather than past empirical observations will
be better able to predict novel dynamics and outcomes [28,54]. Lastly, however, models that
simulate underlying processes may require detailed physiological data to parameterize,
which are rarely available for non-commercial tree species and may be technically difficult
or impossible for small forest managers to obtain themselves [28]. Managers or model
users may opt to use simpler models to avoid the extensive input information or complex
calculations [24,27,55]. Choosing a model is therefore dependent on aligning the specific
information needs for a given small forest management context with the data requirements
and relevance of model outputs.
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Based on the reasoning above, these five issues of alignment between model char-
acteristics and the particular concerns of small forest managers can serve as a useful set
of criteria for evaluating the suitability of forest dynamics models to inform small forest
management. The purpose of this review is to evaluate different existing forest dynamics
models—including models of individual tree species, communities, succession, and ecosys-
tem processes—to assess their applicability to address common small forest management
concerns. To do so, we arranged the five identified issues—(1) spatial resolution, (2) species
the model can simulate, (3) spatial structure, (4) approach for modeling ecological processes,
and (5) mechanistic detail—as a tiered hierarchy of criteria that can be queried based on
model characteristics (Figure 2). The following section provides a detailed explanation
of each criterion, describing the different model characteristics affecting their suitability
for modeling small forests. We then applied the tiered criteria to evaluate 54 existing
forest dynamics models to address the central question of which available models are the
most suitable for addressing the concerns of small forest managers. The Results section
describes how the evaluation narrowed the pool of suitable models at each step. Ultimately,
two models, SORTIE and FORMIND, were found to have the strongest and broadest
suitability characteristics.
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Figure 2. Tiered series of evaluation criteria used to assess the suitability of 54 forest dynamics
models for informing small forest management concerns. Characteristics that are more relevant
and appropriate for small forests are in green. Characteristics with weaker relevance, or narrow
applicability to specific management concerns, are in blue. Characteristics that will not help inform
small forest management are in white.

This review aims to provide small forest managers with a convenient guide to fa-
cilitate the selection and adoption of appropriate models to inform their management
efforts. To that end, the Discussion section has three subsections. The first distills the
key findings of the model suitability evaluation for small forests, and why SORTIE and
FORMIND were most favorable, given the criteria, constraints, and tradeoffs. The second
subsection discusses additional considerations that managers and modelers may face when
applying a model specifically in a new context—including technical feasibility aspects,
software accessibility, and the reliability and usefulness of outputs—and how those is-
sues can be navigated when using SORTIE and FORMIND in particular. The discussion
concludes with some practical recommendations for getting a new modeling endeavor
successfully underway.
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2. Five Criteria for Assessing Model Suitability for Small Forests

The suitability criteria focus on attributes of models that have been previously used to
classify forest dynamics models. We adopted and modified a common typology follow-
ing [24,27,38] and other published works [33,34,47,54,56] to define differences among model
attributes that are specifically relevant for small forests. Similar to other existing typologies,
we organized the suitability factors hierarchically, allowing us to conduct our subsequent
evaluation of models by applying the tiered set of five criteria for small forest suitability,
illustrated in Figure 2: (1) What is the model’s spatial resolution, (2) how many species can
the model simulate, (3) is the model spatially explicit, (4) is the model’s approach empirical
or process based, and (5) does the model represent physiological processes mechanistically?

2.1. What Is the Model’s Spatial Resolution?

Forest dynamics models can be classified by their spatial resolution, defined as the
smallest spatial unit at which the model evaluates forest dynamics or reports outcomes.
Spatial resolution determines the types of forest attributes the model can simulate or project,
and thus the types of management issues the model can inform [24,36]. Forest dynamics
models are broadly categorized into four spatial resolutions: individual-tree, cohort or size-
class, stand, and landscape [27,38]. Individual-tree models consider each tree as a unit, and
they help explore how individual trees compete with one another for sunlight, nutrients,
and other resources. Cohort models simulate aggregates of trees as separate groups, which
can be defined by species, functional types, diameter or height size classes, or ecological
layers [38]. Typically, cohort models apply one representative set of characteristics to all
trees within a group [53,57]. Separating groups by specific characteristics can help study
the variation and relative performance between species, cohorts of the same species, and
other size classes [58].

Most stand and landscape models, on the other hand, have less resolution and treat
large forest patches as a single unit, within which species age and composition are assumed
to be uniform [36]. Stand models represent one or more forest patches that typically
correspond to management units [36] and can be applied to study mosaics of forest patches
with different compositions. When stand models represent the interactions of a stand and
neighboring patches, they can help understand how litter decomposition, water cycling,
and other environmental processes in one patch can influence an adjacent patch [24]. Stand
models can therefore provide useful outputs for issues relating to ecosystem function as
well as landscape-level management issues (Figure 1). Landscape-scale models, also called
forest landscape simulation models (FLSMs), can simulate similar processes that drive
change but at a much larger spatial resolution [44]. Landscape models tend to focus on
carbon and water balance over large, homogeneously represented areas, and thus better
address broader-scale management concerns such as regional or global effects of climate
change [25,44]. Forest landscape models such as LANDIS PRO and LANDCLIM typically
lack species differentiation or size differentiation that finer-resolution models have [49,59].
Although some forest landscape models may simulate succession at a stand or larger scale,
they are unable to simulate interspecific competition or heterogeneity in tree growth and
survival at an individual or plot level [59].

Individual-tree, cohort, and stand models are likely to be more useful when simulating
small forest dynamics [36] compared to landscape models because their smaller scale
resolution can inform many common issues concerning forest structure and composition,
including the persistence of specific tree species, rates and trajectories of succession, and
fine-scale responses to environmental change (Figure 1). When choosing a suitable spatial
scale for a model, managers should consider whether the required parameterizing data
are available or feasible to obtain, and also whether the resolution of outputs will provide
enough detail to answer management questions [36]. The subsequent evaluation criteria
consider these decision points further.
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2.2. Can the Model Simulate More than One Species?

This tier distinguishes forest dynamics models by how many species and what types
of species they can simulate. Single-species models treat the entire forest as one species,
using a single set of species-specific parameters, such as average growth rate or adult
height, to simulate forest dynamics [27,53]. Most single-species models were developed
to estimate timber production in monoculture forestry of commercially important native
or exotic tree species, so their outputs are typically yield estimates such as total biomass
or productivity [25,27]. Other single-species models were designed for natural forests
that contain only one species or one dominant species [60]. Single-species models have
been applied to multi-species forests by simulating each species’ dynamics separately as a
monoculture without considering tree–tree interactions and combining these simulation
outputs proportionally to species abundance in the forest [25,27]. On the other hand, there
are a growing number of multi-species models with species-mixing capabilities, which
use different sets of growth, mortality, and resource allocation parameters for more than
one tree species. Multi-species models may also account for interspecific interactions,
either abstractly using competition indices or more explicitly by modeling the processes or
mechanisms through which trees interact [27].

Choosing between single- or multi-species models depends on management needs and
the forest under observation. Single-species models can be more beneficial when managing
total tree cover for timber production, carbon storage, or aesthetic value (Figure 1) [42,61,62].
When addressing these concerns, treating a multi-species forest as a monoculture may not
necessarily compromise the usefulness of model outputs if managers are seeking aggregate
stand-level predictions [42]. However, increased interest in the dynamics of mixed-species,
multi-use forests has made multi-species models a vital tool for forest management. Most
tree species differ in how they photosynthesize, grow, and allocate resources [27], which will
influence the relative abundances of individual trees, species, and cohorts over time [24].
Thus, multi-species models can better inform many small forest management concerns
because they can simulate changes in forest composition and structure, patch and landscape
heterogeneity, and species-specific environmental responses (Figure 1).

Some single-species and multi-species models were primarily developed for a particu-
lar species, site, or region to serve specific needs [25,27,60], and modifying them to apply
to other species and regions may be difficult or impossible for small forest managers in
different contexts. For example, the individual-tree, single-species model FOREGEM uses
a set of allometric rules or equations derived from species- and site-specific parameters to
simulate the forest response to environmental change [62]. To parameterize the model for
a different species or site, the model user must have knowledge of physiological parame-
ters and phenotypically plastic traits, including the timing of bud burst, pollen dispersal
distance, or relation between stomatal conductance and water stress, which may not be
known for non-commercial tree species [27,53,62,63]. On the other hand, the individual-tree,
multi-species model FORMIND can be more readily adapted to different contexts because
it classifies species into functional groups and then uses physiological parameters and
allometric equations that generally represent each functional group [31]. When choosing
between single- and multi-species models, small forest managers should consider not only
the specific management concerns, but also the inputs necessary to run the model and the
type of trees it was designed to simulate in order to select the simplest model that can
generate relevant outputs. Multi-species models are likely to satisfy these considerations
for a broader range of small forest management concerns.

2.3. Is the Model Spatially Explicit?

Individual-tree, cohort, and stand models differ in terms of whether and how they
represent the spatial location or distribution of trees. Most distance-independent models
are stand models that do not specify the locations of individual trees, cohorts, or species.
Instead, they often treat the entire stand as one unit, implicitly assuming that all individual
trees within the stand have the same growing space (Figure 3A). These models abstractly
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infer intra- and interspecific competition using stand-level variables of density or basal
area [64,65].
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Figure 3. Representation, or implied representation, of tree distributions in different model types.
Distance-independent models do not specify locations in space; they implicitly assume all trees
have equal space, which would imply an equidistant lattice if represented spatially (A). Distance-
dependent, non-spatially explicit models assume different statistical distributions of distances be-
tween individual trees across a stand. Examples of distributions, realized spatially for illustrative
purposes, include random and clustered (B). In distance-dependent spatially explicit models, the
locations of individual trees are typically simulated within a forest gap (represented by grid cells) (C)
or are mapped as (x, y) coordinates within a stand (D) [64].



Forests 2022, 13, 515 8 of 25

Distance-dependent models do not assume all trees within a stand have the same
growing space. Instead, they implicitly or explicitly describe tree–tree competition by
incorporating intra- and interspecific interactions into model functions [27]. Distance-
dependent models can be further classified as either spatially explicit or non-spatially
explicit, with the classification depending on the spatial resolution of model inputs and
outputs. Most non-spatially explicit models are stand or cohort models that use a statistical
approach when representing spatial distributions by assuming a random or clustered
distribution of individual trees or species within a stand or grid cell [24,64,66] (Figure 3B).
They use competition indices or multipliers within the model’s algorithms to estimate
individual-tree, species-specific, or stand growth and mortality at the stand level as a
function of assumed distance to neighbors. Stand structure is therefore a feedback loop
between species-specific competition indices and multipliers, tree growth and mortality,
and stand growth [27], and outputs mostly represent stand-level attributes. Spatially
explicit models, on the other hand, are often individual based. They can generate tree
locations either by simulating them within a forest patch or plot based on distance or
distribution statistics (Figure 3C), or they can use full stem maps of (x, y) coordinates to
recreate an observed distribution of individual trees across a stand (Figure 3D) [66]. In gap
models, forest patches spatially represent the influence zone of a large, mature tree, and tree
species and size classes compete for resources within that patch. Spatially explicit models
describe horizontal spatial structure at a higher resolution and provide individual-tree or
cohort and size class information as model outputs, whereas non-spatially explicit model
outputs provide stand-level attributes [53,64,66,67].

Both distance-independent and -dependent models can help guide small forest man-
agement planning. Most distance-independent models and non-spatially explicit, distance-
dependent models provide stand outputs such as total stand growth, biomass yield, and
density [43,68,69], which can prove useful when managing timber production or esti-
mating carbon and nutrient pools and fluxes (Figure 1). However, many small forest
management concerns require acknowledgement of within-stand spatial heterogeneity to
predict the relevant attributes of future forest composition and structure [24,64]. Although
distance-dependent models typically have higher data input requirements to represent
variable tree spacings, they can better predict how individual trees’ interactions with one
another can influence forest change and are thus more broadly useful for informing small
forest management concerns [27,40]. For example, the initial design of the stand-level,
distance-independent model FOREST-DNDC requires biomass per unit area but no spatial
information inputs, and assumes monospecific characteristics at the grid level, including
survival rate and mean tree height [40]. In contrast, the distance-dependent cohort model
CABALA can incorporate the effects of within-stand tree spatial distributions in biophysical
processes and outcomes of management actions because it requires tree spacing informa-
tion within and between grid cells [42]. In a study comparing Eucalyptus forest growth
estimates from different models, FOREST-DNDC overestimated forest growth because of
its spatial simplification of competition and growth processes while CABALA provided the
most accurate predictions [40]. Thus, FOREST-DNDC is often used to simulate stand-level
information such as photosynthesis, respiration, and carbon and nitrogen pools and fluxes
when there is little concern about local tree competition and resources to parameterize and
calibrate are limited.

Distance-dependent models can be useful when studying smaller, mixed-species
forests because they contain the spatial relationships required to simulate how trees of dif-
ferent species interact with one another and the local environment [37], which is especially
beneficial to small forest managers concerned with species assembly, succession, invasion,
or responses to limiting resources (Figure 1). Simulating a mixed-species forest without
considering more specific tree, species, or cohort distributions can lead to unrealistic pre-
dictions about small forest dynamics, such as how light competition influences the age
structure and species composition of a forest [27,64]. The CABALA example demonstrates
how accounting for spatial distribution of individual trees or species can result in more
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reliable model projections in a single-species forest. For multi-species forests, incorporating
distance dependence becomes even more valuable to account for the effects of spatial pat-
tern on both intra- and interspecific interactions. Spatially explicit models are particularly
well suited for simulating the localized effects of intra- and interspecific interactions.

2.4. Is the Modeling Approach Empirical or Process Based?

Two modeling approaches, empirical and process based, differ in the way that bio-
logical processes or physical mechanisms are incorporated into the model and how they
influence tree growth [27,28,34]. Empirical models typically use correlations between re-
peated measurements of tree species, age, diameter, and height and observed environmental
parameters from forest inventories to derive allometric equations and growth functions [25].
The models then simulate forest dynamics by applying those relationships deterministi-
cally or probabilistically [36,52]. Process-based models, on the other hand, simulate forest
dynamics via the biological and physical principles and processes and that govern tree
growth and forest development, with varying degrees of mechanistic detail (discussed in
Tier 5) [54,66,70]. Both modeling approaches have their advantages and disadvantages for
addressing different management concerns related to small forest growth, succession, and
responses to environmental change. Each approach is also constrained by data availability—
empirical models by the availability of inventory data relevant to the species and conditions
to be modeled, and process-based models by the detailed environmental and physiological
data needed to parameterize them.

Projecting tree and forest growth may be valuable to small forest managers concerned
with timber production, carbon sequestration, or rates of recovery from disturbance. Em-
pirical models can provide simple and accurate projections of forest growth, but only if
the species and conditions used to derive allometric relationships are well matched to
the scenario being modeled [36,71]. However, data needed to describe allometric growth
relationships for non-commercial, multi-species forests are generally rare and highly site
specific. In contrast, process-based models predict tree growth by simulating the underlying
physiological processes, which allows these models to predict forest growth under a range
of conditions for which there may be no empirical growth data. This advantage comes
at a cost in terms of model complexity and data needs, however. For instance, in order
to project change in tree biomass, many models simulate the process of photosynthesis
mechanistically, which requires the accurate parameterization of several physical variables
such as radiation, rainfall, vapor pressure deficit, and soil type, as well as species-specific
physiological traits [28].

Empirical and process-based models have the potential to inform small forest man-
agers’ concerns regarding compositional change over time, such as the persistence of certain
tree species, shifts toward or away from desired forest composition, or the restoration of
historic forest communities. Historically, empirical models were developed primarily to
project single-species timber production after harvest, but their outputs and more recent
multi-species variants can also inform site-specific questions about the succession and
trajectories of forest composition change [25]. To achieve this, empirical models often pre-
dict stand-level community change by linking successional stages through probabilistic or
deterministic state-and-transition pathways. However, establishing the patterns and rates
of shifts in species composition requires extensive prior observational data of stand-level
changes in relative species abundance over time or tree-level transition probabilities [36].
Competition for light is a dominant driver of forest composition change. Empirical models
represent this process phenomenologically, usually through gross correlations between
neighborhood or stand density and species-specific growth [36], which limits realism and
resolution. Process-based models offer advantages for modeling community change, es-
pecially for representing light availability as a driver, because growth is modeled via the
process of photosynthesis, which is driven by light availability [24]. Process-based models
at gap and individual tree levels calculate light availability as a dynamic function of the
surrounding tree canopy structure when simulating tree growth, mortality, and recruitment
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to project forest compositional change [66]. To achieve this, however, these models intro-
duce additional complexities and data requirements [28,52] regarding canopy structure
and light attenuation, species-specific photosynthesis–light response curves, and additional
physiological parameters in more mechanistic models.

For many small forest management concerns, incorporating responses to environ-
mental change is vital because many small forests experience continuous change due to
their size and proximity to humans, and novel suites of environmental factors will create
different future states of a forest [34]. Empirical models are generally limited in their ability
to simulate responses to a changing environment. Because empirical models use fixed rela-
tionships fitted to direct forest observations, they are often referred to as “static” [25,36,38].
Accurate projections are limited to the suite and range of environmental conditions that
were measured during inventories used to build the model [27,71], and these models often
offer no reliable way to account for disturbances or the effects of climate change [28,36,70],
which are common small forest management concerns (Figure 1).

Most process-based models can account for responses to environmental change dy-
namically because they contain one or more sub-models or behaviors that interact with
one another to simulate the effects of environmental conditions on photosynthesis and
thus tree growth from basic physical and physiological principles [27,33]. The most com-
monly modeled environmental processes that influence photosynthesis are climate, soil
and site conditions, including soil texture and nitrogen content, and water balance [27,28].
However, including these additional processes greatly increases computational complexity
and demand for accurate atmospheric, soil, and hydrological parameter values. Because
inaccurate parameter estimates can be compounded when coupling processes and scaling
up, these models are more often used to study underlying processes in research, rather
than to make reliable projections for informing management [36]. Process-based models are
better suited for understanding forest ecosystems and simulating different management
or climate scenarios than providing absolute predictions of future forest composition and
structure [35,54,72]. Other seasonal or episodic changes of relevance to small forest man-
agers, such as altered storm, fire, and pest disturbance regimes, are not as easily represented
or parameterized in model structures [27,28].

Empirical and process-based models represent two ends of a modeling approach
spectrum [72]. So-called hybrid models couple together various components of empirical
and process-based approaches to take advantage of both physiological and empirical
data to span scales from leaf-level metabolism to forest-level change [34,36]. In practice,
most individual-tree and gap process-based models must rely on at least some empirical
tree-level data in order to scale up physiological processes, even if not fully coupled
to an empirical model [70]. In choosing a modeling approach, small forest managers
should ask what input and output details are necessary to answer their management
question or concern. If a manager has sufficient inventory data that span the environmental
conditions of interest, an empirical model may sufficiently and accurately provide the
desired projections of forest change [36]. Otherwise, process-based models can simulate
many relevant dynamics, including projections that account for environmental change and
light competition, but they require at least some physiological information for the species to
be modeled. If a forest manager wishes to pursue forest dynamics modeling but lacks both
appropriate empirical allometric data and physiological parameters, the latter can usually
be obtained or estimated from existing forests, whereas allometric relationships require
time-series inventory data collected over many years. Thus, from a pragmatic stance, the
data limitations of process-based models may be more easily overcome than limitations for
empirical models.

2.5. Does the Model Represent Physiological Processes Mechanistically?

Although all process-based models simulate forest dynamics via the underlying biolog-
ical and physical processes that govern tree growth and forest development, some employ
more mechanistic representations of these processes than others. As models vary in their
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degrees of mechanism and abstraction, so do different scholars’ terminologies and criteria
for categories [27,28,58,66]. Herein, we distinguish between mechanistic and simplified
process-based models, as this has relevant implications regarding model complexity and
usability for small forest managers. So-called mechanistic process-based models explicitly
simulate tree growth as a function of species-specific physiology, morphology, and/or
architecture using established equations [60,73]. These physiological equations, with those
for photosynthesis and respiration being the most common [54,66], entail numerous input
parameters at the tree organ or (sub-)cellular level such as stomatal density, photosynthetic
photon flux density on a leaf, and potential electron transport rate [24,54,60,73].

Process-based models that require less mechanistic information and feature simpler
parameterization protocols are often called simplified process-based models because they
use simpler metabolic relationships to represent more detailed biochemical and biophysical
mechanisms [53,66]. These models still simulate the processes that are the underlying causes
of tree growth, competition, and mortality, but do so via coarser relationships between
tree or species allometry and organ-specific photosynthesis and respiration rates [66]. For
instance, the cohort-model FORMIX simulates tree growth using a carbon balance approach
that calculates carbon assimilation from photosynthesis–light response curves and canopy
allometric relationships. This is an example of a simplified process-based models because
it incorporates the underlying causes of tree growth but does not calculate photosynthesis
and respiration at a mechanistic level. In addition to the core behaviors of growth and
mortality as simplified functions of light availability and photosynthesis, some simplified
process-based models allow model users to include additional degrees of mechanistic and
environmental detail. For example, the individual-tree models SORTIE and FORMIND
provide optional sub-models to simulate processes that directly affect growth dynamics,
including precipitation, harvest and disturbance, and dispersal functions [74].

In principle, both physiological and simplified process-based models can help address
small forest management questions regarding changes in forest structure and composition
through time. Their outputs can project the age or size class distributions of individual
species and relative abundances of different species or functional groups (Figure 1). Because
mechanistic process-based models often include more physiological, phenotypical, and
genetic information as inputs and model parameters [28,75] and describe eco-physiological
feedbacks at a (sub-) cellular level, they can increase our understanding of forest and tree
function [73,75]. However, generally speaking, as a model’s mechanistic detail increases, so
does the difficulty of measuring, estimating, and validating the detailed, species- and size-
class-specific biophysical parameters and abstract coefficients their equations require [33].
This can render them nearly impossible to use for small forest managers studying non-
commercial trees for which these parameters are unknown. In addition, few attempts have
been made to create or calibrate physiological process-based models beyond the study
systems for which they were developed, so the pool of models that can be feasibly adopted
to project forest structure and composition in a new context is limited [28].

Simplified process-based models have much greater potential feasibility for small
forests. Their simplified representation carbon assimilation and allocation still simulate
forest growth processes dynamically, yet they require more easily obtainable data and
are computationally less complex [54,66,76]. Simplified process-based models provide
information to help small forest managers answer questions about individual tree growth,
forest structure, and species composition at appropriately local scales (Figure 1), while
decreasing uncertainty in model parameters relative to mechanistic models.

3. Methods

To compile a set of models to evaluate, we first used Google Scholar and Web of
Science to gather publications that developed or used forest dynamics models. We used
search terms “forest” and “model” with other terms, including “dynamics”, “growth”,
“allometric”, “simulation”, “stand”, “gap”, and “tree”. For each publication, we identified
the name of the model used, its general purpose (i.e., modeling timber production, change in
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forest composition, etc.), and the specific management question asked. The search identified
several review papers, from which we tabulated the set of models covered in the review.
Among the publications we gathered, one review by Pretzsch and others [27] covered a
sufficiently complete, representational, and recent set of 54 foundational models, which
were compiled from other literature searches and reviews [27,28,77]. This set included a
wide range of models that varied in how they represent forest function, structure, and
environmental processes. Furthermore, Pretzsch and others [27] summarized several
common model attributes that were relevant to our criteria of applicability to small forests,
including spatial resolution, species-mixing potential, spatial structure, modeling approach,
and mechanistic complexity. In this study, we re-assessed the 54 models reviewed in
Pretzsch et al. [27] specifically to evaluate their suitability for small forests according to
our tiered series of evaluation criteria. At each tier, we evaluated whether each model had
characteristics that are suitable for small forests, as described in Section 2. Those models
that were deemed most likely to be useful for informing small forest management were
forwarded for evaluation at the subsequent tier level.

4. Results

The tiered small forest evaluation criteria (Figure 2) consider five model characteristics:
(1) spatial resolution, (2) number of species the model can simulate, (3) whether spatial
structure is incorporated, (4) modeling approach used, and (5) mechanistic detail. At each
tier, we considered each of the 54 reviewed model’s attributes in light of their suitability to
address the potential management concerns that small forest managers may have. Below
we describe the outcomes of the model attributes evaluations.

4.1. Tier 1: What Is the Model’s Spatial Resolution?

All 54 models that we evaluated simulate forest dynamics at an individual, cohort, or
stand level. In effect, this first tier suitability criterion was applied in our initial selection
of models to review. Small forest managers do frequently have landscape-scale concerns,
such as habitat connectivity and the broader-scale spread of invasive species or pests.
However, landscape-scale forest dynamics models on their own may not be the most
appropriate tools to evaluate these effects. These concerns would be more readily addressed
by incorporating outputs of stand-scale or finer simulations into geospatial analyses of the
matrix surrounding the focal small forest [35]. Additionally, forest dynamics models can
be coupled with regional hydrological models to capture important feedbacks between
forest change and water availability [78], which is another salient concern for many small
forest managers.

4.2. Tier 2: Can the Model Simulate for More than One Species?

Of the 54 models evaluated, 38 can simulate more than one species. Some of the
multi-species models were developed for specific species. For instance, COMMIX was
designed to study two species, Fagus sylvatica (European beech) and Pseudotsuga menziesii
(Douglas fir) [79]. FINNFOR evaluates three different species native to Finland: Picea abies
(Norway spruce), Pinus sylvestris (Scots pine), and Betula pendula (Silver birch) [28]. These
models would likely require extensive re-parameterization to simulate other tree species.
Therefore, small forest managers may find these models less convenient when studying
forests that contain species other than those. Other multi-species models, including SORTIE,
FORMIND, FORMIX, and 3-PG, are more flexible and can generally be applied to various
species and forest types [27,47,53,58].

4.3. Tier 3: Is the Model Spatially Explicit?

For each of the 38 multi-species models identified in Tier 2, we assessed whether they
were distance dependent, and if so, whether they were spatially explicit and at what resolution.
We found that 10 models can incorporate horizontal spatial structure at an individual-tree
or patch level and provide individual-tree, cohort, and size-class information as model
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outputs (Table 1). FORMIX is a distance-dependent but non-spatially explicit size-class or
cohort model, and the other nine models are spatially explicit individual-tree models.

Table 1. Model characteristics of the 10 reviewed distance-dependent, multi-species models that simu-
late tree coordinates of more than one tree species at an individual-tree or patch level. Characteristics
include spatial resolution, species capacity, (horizontal) spatial explicitness of distance-dependence,
modeling approach, and whether the model represents physiological processes mechanistically.

Model Name Spatial
Resolution [27]

Potential # of
Species [27] Spatial Explicitness

Approach (Empirical,
Process-Based, or

Hybrid) [27]

Use of Physiological
Mechanisms to

Simulate Processes

BALANCE Individual 5 Explicit, individual-tree
coordinates [28,80] Process-based Yes [28,80]

BWIN PRO,
TreeGrOSS Individual Several Explicit, individual-tree

coordinates [81,82] Empirical No [83]

COMMIX Individual 2 Explicit, individual-tree
coordinates [79] Process-based Yes [79]

EFIMOD Individual 3 Explicit, individual-tree
coordinates [28,84] Hybrid Yes [27,28]

FORMIND Individual Several Explicit, individual-tree
coordinates [31,85] Process based Not required [85]

FORMIX Cohort 5 groups
Explicit, statistical

distribution at patch or plot
level [58,66]

Process based Not required [28,66]

MAESTRO/MAESPA Individual Several Explicit, individual-tree
coordinates [86,87] Process based Yes [86,87]

MOSES Individual 4 Explicit, individual-tree
coordinates [30] Empirical No [30,88]

SILVA Individual 5 Explicit, individual-tree
coordinates [35,58] Hybrid Not required [35]

SORTIE/BC Individual Several Explicit, individual-tree
coordinates [66,74] Process based Not required [74]

4.4. Tier 4: Is the Modeling Approach Empirical or Process-Based?

We evaluated each of the 10 distance-dependent, spatially explicit models according
to their modeling approach (Table 1). Empirical models include BWIN PRO/TreeGroSS
and MOSES. Hybrid models EFIMOD and SILVA contain both empirical and process-
based components. The remaining six models use a process-based approach. Although
empirical models such as BWIN PRO/TreeGroSS and MOSES and the hybrid models with
empirical components can accurately predict forest structure and composition, they lack a
dynamic approach to account for changing environments. Because models with process-
based components vary in their degrees of mechanistic detail, they pose different tradeoffs
between biological realism and data requirements. In Tier 5, we explore the implications of
these differences for the eight process-based and hybrid models.

4.5. Tier 5: Does the Model Represent Physiological Processes Mechanistically?

The evaluation at Tier 5 identified three simplified process-based models, SORTIE,
FORMIX, and FORMIND, and three fully mechanistic process-based models, COMMIX,
BALANCE, and MAESTRO/MAESPA. Two hybrid physiological models, EFIMOD and
SILVA, statistically simulate tree growth based on empirically fitted physiological parame-
ters for sub-organ- and organ-level mechanisms in the most basic model versions [27]. The
Tier 5 attributes of these models, and other model characteristics from previous tiers, are
summarized in Table 1. Figure 4 summarizes the tier-by-tier evaluation of all models.
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Figure 4. Tiered series of evaluation criteria used to assess the suitability of 54 forest dynamics
models for informing small forest management concerns. Characteristics that are more relevant
and appropriate for small forests are in green. Characteristics with weaker relevance, or narrow
applicability to specific management concerns, are in blue. Characteristics that will not help inform
small forest management are in white. Models that best met small forest evaluation criteria include
SORTIE, FORMIX, and FORMIND.

As simplified, process-based, multi-species models, SORTIE, FORMIX, and FORMIND
have the broadest potential application to small forest management out of the models we
evaluated. FORMIND and FORMIX are highly cited models [58,66] and have primarily
been used by the research team that developed them to evaluate forest change in species-
rich tropical regions [85]. They have similar model structures and algorithms [58]. However,
FORMIX is cohort based and not fully spatially explicit at an individual-tree resolution,
while FORMIND is an individual-tree, spatially explicit model. The most recent versions
of FORMIX (i.e., FORMIX3 and FORMIX3-Q) contain improved equations that more ac-
curately describe tree productivity [58,89–91], but FORMIND has the capacity to address
finer-scale interspecific interactions that influence forest structure and composition issues
of concern to small forest managers as well as more adaptable equations that have been
calibrated for various forest types. Like FORMIND, SORTIE is also an individual-tree, spa-
tially explicit model, and it has evolved (the most recent version being called SORTIE-ND)
to become more adaptable across ecosystems and can help inform small forest management
for different regions. Because of their spatially explicit simulations and potential portability
to other systems, SORTIE and FORMIND are thus deemed the most suitable, flexible, and
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potentially applicable models for informing small forest management goals and concerns,
particularly in new modeling contexts. In the discussion, we explore additional practi-
cal aspects and offer guiding recommendations for new implementations of SORTIE or
FORMIND in small forests.

5. Discussion
5.1. Key Findings from the Model Suitability Evaluation

The five-tiered suitability criteria assess different aspects of model scale, structure,
and approach, from which we inferred their potential suitability of 54 forest dynamics
models for informing several common small forest management issues. Tiers 1 and 3
focus on spatial resolution; we concluded that models that simulate forests at the stand
level or finer resolution are most suitable, with spatially explicit models affording more
nuanced treatments of environmental effects and interspecific interactions. Tier 2 evaluates
model design in terms of number of tree species represented; except in the contexts of small
forests dominated by a single well-studied species, models with the capacity to represent
multiple species can inform a broader the range of small forest management concerns. Tier
4 examines empirical versus process-based models; we found that both have their own
forms of data availability limitations, yet process-based models offer the advantage of
simulating dynamic environmental effects and growth dynamics beyond those measured
empirically in the past. Lastly, Tier 5 assesses the level of mechanistic detail in process-
based models, and we posited that because of the difficulty of parameterizing highly
mechanistic models, simplified process-based models are likely to be much more feasible
for small forest management applications. Of the three simplified models identified in this
final tier, we concluded that SORTIE and FORMIND have advantageous combinations of
spatially explicit individual-tree simulations and flexible model designs to address a range
of potential processes that influence small forest dynamics (Table 2).

Table 2. Summary of advantageous attributes of SORTIE and FORMIND, in terms of criteria for (A)
suitability for small forests and for (B) application in new contexts.

Suitability Criteria SORTIE and FORMIND Attributes Advantages

A. Suitability for small forest management concerns

1. Spatial resolution Individual tree Aligns with small spatial scale concerns
and localized processes

2. Number of species Multiple Broadest applicability across diversity of
small forest contexts

3. Spatial explicitness Explicit Captures effects of heterogeneous
environments and local interactions

4. Empirical or process-based Process based Better suited for modeling dynamic and
novel environments

5. Mechanistic or simplified processes Simplified
Reduces technical complexity and need
for hard-to-measure
physiological parameters

B. Suitability for application in new contexts

1. Data needs and availability Tree size attributes plus establishment,
mortality, light-growth rates

Requires multiple data sources, but less
demanding for site-specific and
physiological data than other models

2. Model portability Simplified, process-based multi-species
simulations

Facilitates transfer to new systems
without detailed
physiological parameterization

3. Range of application conditions Numerous optional modules
Modules can be added to address
different applied management scenarios
and questions
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Table 2. Cont.

Suitability Criteria SORTIE and FORMIND Attributes Advantages

4. Software availability Freely available, well-documented
User-friendliness lowers obstacles for use
in new contexts and by new or
novice modelers

5. Model robustness Highly parameterizable

Tailoring parameters improves
robustness but assumptions and
uncertainties should be explored with
sensitivity analyses

5.2. Considerations for Implementing Models in New Contexts

The tiered criteria fruitfully address a range of factors particularly relevant to man-
agement concerns in small forests, as well as some factors relevant to new contexts, by
which we mean forest units, conditions, and/or management contexts that have not been
modeled previously. Because this review is intended to orient and inform forest managers
who are not yet using forest dynamics models, the pragmatic feasibility of implementing
a model in new contexts is an especially important topic, as emphasized in other forest
model reviews [92,93]. We highlight five key issues for model suitability in new contexts,
which were previously identified (but categorized slightly differently) by Monserud and
others [92] and Monserud and Robinson [92]. The tiered criteria already provide a lens for
considering three key pragmatic issues: (1) input data needs and availability, (2) model
portability, and (3) range and extendibility of application conditions. Two other key issues
have not been addressed explicitly thus far and warrant further evaluation: (4) technical
accessibility of modeling software, and (5) the reliability, or robustness, of model outputs.

Input data needs are determined by model structure and design, but input data availabil-
ity is determined by the extent of research and monitoring efforts applicable to the new
forest context [93]. In each tier, we discussed both data needs and likelihood of adequate
data availability. The latter was a key factor in determining model suitability in Tiers 4
and 5, where we concluded that data availability for both empirical models [27,71] and
mechanistic models [28] is expected to be prohibitively low for most novel small forest
applications, leading to our recommendation for simplified process-based models. At their
basic model structures, SORTIE and FORMIND require relatively easily obtainable informa-
tion about size attributes of different life history stages such as height, diameter, and crown
characteristics (Figures 5 and 6) [74,85]. However, some physiological and environmental
knowledge—notably, species-specific establishment, mortality rates, and growth responses
to varying light conditions—is required [66]. Because the models are process based, these
characteristics do not need to be site specific, but they should be species specific [66]. If
estimates are unavailable, parameterization and calibration will prove difficult, and the
usefulness of model outputs will be limited.

Model portability, or the ease at which a model can be calibrated for an intended use, is
largely determined by model design [58,93]. Portability to both small forests and new forest
contexts was addressed in Tiers 2, 4, and 5. These evaluations found that single-species and
empirical model designs require prior information about species- and site-specific growth
rates, and most models of those types were developed for specific forest types [27]. These
factors limit their portability to other forests with different species and environmental
conditions. In the Tier 5 evaluation, we concluded that simplified process-based models are
more portable to new contexts than heavily mechanistic models because they can simulate
growth under novel conditions based on relatively simple light-growth relationships [58].
In particular, SORTIE and FORMIND have a history of sequential applications to new
contexts and also have modules that can expand the range of forest processes that models
can represent, which strengthens their portability and expandability [53,58,74,85].

Application conditions refer to a model’s ability to simulate management-relevant factors
such as environmental change, disturbance, and management actions when projecting
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future forest conditions, and extendibility refers to the ease of adding more sub-models or
behaviors [93]. Application conditions were key considerations when assessing models’
suitability for small forest issues (Figure 1) in Tiers 3, 4, and 5. The arguments in Tier 4
and 5, regarding the advantages of process-based models to simulate novel environmental
conditions, also relate to new forest contexts. Because process-based models simulate
environmental effects via underlying processes instead of via previously observed growth
responses, they are more suitable than empirical models for informing a wider range of
application conditions in new contexts as well. While mechanistic process-based models
also generate useful outputs for many application conditions, the data needs and availability
for parameterizing such application conditions in new forest contexts presents a larger
obstacle, as discussed in Tier 5.
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Figure 5. Schematic of the FORMIND model. Main processes are in white, and parallelo-
grams indicate climatic parameters, some of which are required to run the model (abbreviations:
PET—potential evapotranspiration; PPFD—photoactive photon flux density). Yellow, blue, and green
boxes show physiological, demographic, and optional extensions including logging, harvesting, and
fire at different spatial scales. Numbers in parentheses indicate scheduled flow of individual processes
within the model, and grey frames underlying boxes group them according to their processes and
chapters associated with the FORMIND handbook. Reprinted from [85] with the author’s permission
and under Creative Commons license.
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Figure 6. Basic schematic of the SORTIE model. Initialization requirements include tree size attributes
of four different size classes or life history stages (i.e., seedlings, saplings, adults, and snags). In each
annual timestep, neighborhood density and light–growth relationships drives individual-tree growth
and mortality. SORTIE is pre-loaded with growth parameters for eight North American tree species,
and users can upload values for additional species. Optional sub-models can be coupled at each
timestep to account for other factors that influence forest community change. After SORTIE annually
projects individual-tree growth and mortality, the resulting forest structure determines light that is
available for the next annual time-step. Information source: [17].

Although both SORTIE and FORMIX were originally designed for specific application
conditions, they contain adaptable equations that are calibrated for various forest types across
the world [53,58,74,85,94], and they can simulate the effects of a variety of management sce-
narios through optional model behaviors and sub-models (Figures 4 and 5) [74,89,95]. These
options extend both the portfolio of useful model outputs as well as the applications condi-
tions that the models can simulate. For example, SORTIE and FORMIND have been used
to study logging and harvesting [90,96,97], climate change scenarios [98,99], and insect,
pathogen, and herbivore intensity [100,101] in tropical, temperate, and boreal forests. Many
forest management studies have also incorporated other environmental processes like water
balance, nitrogen deposition, and natural disturbances into the model process [74,102,103].
FORMIND is one of the few forest dynamics models that has a sub-model called ForFire
(Figure 5) that can simulate the impact of fire events [104–106]. However, many of the
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optional functions within FORMIND and SORTIE that are relevant to new management
contexts cannot be parameterized without additional data collection [94].

Technical availability of modeling software, an issue we have not yet addressed in this
review, includes both source code availability and adequate documentation to guide its
use [93]. This is critical to the feasibility of implementing a forest dynamics model for a new
context. SORTIE and FORMIND are widely used internationally and have free source code
that is available online [53,58,74,85]. Thus, they meet the essential criterion of technical
availability. However, the utility of SORTIE and FORMIND to small forest management
is still heavily influenced by the number of parameters that can be estimated within the
source code. Simply supplying these models with only DBH or other more easily obtainable
data leaves little room for calibrating many of the allometric equations required to provide
accurate model predictions [94]. Without existing forest inventory data, a substantial data
collection effort may be required to get reliable model outputs.

Therefore, the last issue, which is a perennial concern in all modeling work, is model
robustness—the model’s ability to provide accurate and reliable estimates [58,92,93]. Model
robustness does not depend on model complexity but on the variability and uncertainty
of model inputs and parameters [58]. This is a limitation in any modeling context, but
parameter uncertainty is likely to be particularly high for small forests due to the lack of
well-studied analogs. Uncertainty or inaccuracy in parameter estimates do not all have
proportional effects on the robustness of model outputs. Rather, model outputs tend to be
more sensitive to uncertainties in some parameters, and more robust to others. Thus, it is
important to evaluate the reliability of functional relationships within the model structure
and model outputs through sensitivity analyses. Sensitivity analyses systematically alter
model inputs and parameters through multiple simulations to identify those that contribute
the most to model fluctuations outputs [54,107]. This technique offers small forest managers
a way to identify model limitations and also recognize highly influential ecological informa-
tion that can be prioritized during parameterization and calibration [54,107]. For instance,
it often recommended to focus on light competition variables when applying a simplified
process-based model [94]. For SORTIE and FORMIND, the most basic light competition
variables include tree crown geometry and estimates of size-dependent growth rates [17,78].
These variables can be derived for a large number of tree species, and studies have generally
found the models’ community-level predictions to be rather robust to uncertainties in those
parameters. However, if forest community change is driven by factors other than light
competition, and relevant available sub-models are other major drivers not incorporated,
SORTIE and FORMIND and other simplified process-based models can generate unrealistic
or inaccurate estimates [94]. Model calibration, validation, and sensitivity analyses are thus
particularly important if quantitative model estimates are used as the basis for making
management decisions [58,107]. When model robustness is limited due to the novelty of a
new context, an alternative use of model outputs for forest management is more qualitative
evaluations of management alternatives, and to explore the relative influence of different
factors that can affect the trajectory of forest change. Sensitivity analyses of both SORTIE
and FORMIND have helped researchers make both quantitative and qualitative inferences
from model outputs, as appropriate given parameter uncertainties [108]. Thus, SORTIE and
FORMIND do not offer immunity to this challenge of model robustness or the previously
discussed issues that arise when implementing a model in a new context, but since they
were designed for wide adoption and user friendliness, they offer options, advantageous
attributes, and documented implementation examples that can help minimize obstacles
(Table 2B).

5.3. Recommendations

Choosing a model ultimately depends on alignment between management concerns,
the information needed to answer that question, and the generation of robust outputs to
inform management [24]. SORTIE and FORMIND are accessible, relevant, and relatively
user-friendly tools that can address a wide range of small forest management concerns,
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as summarized in Table 2. They are often seen as alternatives to one another [94] because
they both have similar input parameters, requiring at minimum initial stand structure, tree
geometries, and species-specific tree growth rates (Figures 4 and 5) [74,85,94]. SORTIE has
been more frequently applied in temperate forests, and FORMIND in tropical forests, but
they are not constrained to those contexts. Rather, selection should be guided by alignment
between the salient management concerns, the likely ecological importance of available
sub-model options, and the usefulness of available simulation outputs. When resources
and information are limited, we recommend starting with the simplest forms of the model
and structuring management questions to compare management actions and alternatives
instead of depending solely on quantitative model estimates. Combining different sources
of information and collaborating with modelers, research organizations, ecological forestry
consultants, academic institutions, and other partners and scientists of different disci-
plines can also help fulfill model requirements and data needs, facilitate implementation,
and build capacity and management effectiveness through multi-directional knowledge
sharing [30,35,66,94].

Collaborating with decision-support experts can also help small forest managers relate
model outputs to particular management actions. Model outputs can feed a decision-
support tool, framework, or system to help landowners, small forest managers, and stew-
ards transfer scientific knowledge to practical forest management actions to meet their
objectives [84]. For example, a SORTIE model was built to incorporate climatic and man-
agement prescription data, creating an array of future forest projections that served as a
decision-support tool to evaluate how different forest management actions and climate
change scenarios may affect ecosystem services [109]. Other decision tools are not specific
to any forest dynamics model and can incorporate model outputs describing future forest
structure and composition. As decision-support tools that require information about forest
structure and composition are becoming more popular for forest management [84,109–112],
they are a potential resource for many small forest managers to couple with forest dynamics
modeling when addressing forest benefits and concerns.

6. Conclusions

Although forest dynamics models have become increasingly vital when answering
management questions, their appropriateness for simulating the dynamics of management
concern in smaller forested areas had not been systematically explored. In this literature
review, we evaluated the suitability of 54 existing forest dynamics models to small forest
management using five criteria. All models had some drawbacks. However, two, SORTIE
and FORMIND, offered the most suitable balance of scale appropriateness, forest type
flexibility, structural definition, management relevance, model dynamism and simplicity,
plus portability, robustness, and pragmatic usability for application in new, small forest
contexts. Establishing a robust implementation of either of these models in a new, small
forest context, including those of varying agricultural and urban influences, is likely
to proceed incrementally as model calibration improves and environmental factors are
incorporated. While full model validation may be an unrealistic near-term goal in most
small forest contexts, sensitivity analyses provide useful, accessible techniques for gaining
insights regarding achievable conditions and the potential impact of management actions.
Each of these models have their advantages and can therefore be applied to different
management scenarios [38] whether preserving key tree species, conserving a particular
forest structure and composition, restoring historical tree communities, or managing a
forest for multi-use.

These findings will hopefully inform small forest managers about the suite of available
forest dynamic models available to them and which models to use for specific research
questions and help them make sound management decisions. As more and more forests
globally exist and are managed at smaller spatial scales, guidance through modeling is
also becoming increasingly relevant, feasible and accessible through models like SORTIE
and FORMIND.
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Bugmann, H.; et al. Modelling natural disturbances in forest ecosystems: A review. Ecol. Model. 2011, 222, 903–924. [CrossRef]

23. Wear, D.N.; Greis, J.G. The Southern Forest Futures Project; 9780415475976; USDA: Ashville, NC, USA, 2013.
24. Porté, A.; Bartelink, H.H. Modelling mixed forest growth: A review of models for forest management. Ecol. Model. 2002,

150, 141–188. [CrossRef]
25. Shifley, S.R.; He, H.S.; Lischke, H.; Wang, W.J.; Jin, W.; Gustafon, E.J.; Thompson, J.R.; Thompson Iii, F.R.; Dijak, W.D.; Yang, J. The

past and future of modeling forest dynamics. Landsc. Ecol. 2017, 32, 1307–1325. [CrossRef]
26. Forrester, D.I. The spatial and temporal dynamics of species interactions in mixed-species forests: From pattern to process.

For. Ecol. Manag. 2014, 312, 282–292. [CrossRef]
27. Pretzsch, H.; Forrester, D.I.; Rötzer, T. Representation of species mixing in forest growth models: A review and perspective.

Ecol. Model. 2015, 313, 276–292. [CrossRef]
28. Fontes, L.; Bontemps, J.-D.; Bugmann, H.; Van Oijen, M.; Gracia, C.; Kramer, K.; Lindner, M.; Rötzer, T.; Skovsgaard, J.P. Models

for supporting forest management in a changing environment. For. Syst. 2011, 3, 8. [CrossRef]
29. Godefroid, S.; Koedam, N. How important are large vs. small forest remnants for the conservation of the woodland flora in an

urban context? Glob. Ecol. Biogeogr. 2003, 12, 287–298. [CrossRef]
30. Thurnher, C.; Klopf, M.; Hasenauer, H. MOSES—A tree growth simulator for modelling stand response in Central Europe.

Ecol. Model. 2017, 352, 58–76. [CrossRef]
31. Fischer, R.; Bohn, F.; Dantas de Paula, M.; Dislich, C.; Groeneveld, J.; Gutiérrez, A.G.; Kazmierczak, M.; Knapp, N.; Lehmann, S.;

Paulick, S.; et al. Lessons learned from applying a forest gap model to understand ecosystem and carbon dynamics of complex
tropical forests. Ecol. Model. 2016, 326, 124–133. [CrossRef]

32. Mäkelä, A.; Río, M.d.; Hynynen, J.; Hawkins, M.J.; Reyer, C.; Soares, P.; van Oijen, M.; Tomé, M. Using stand-scale forest models
for estimating indicators of sustainable forest management. For. Ecol. Manag. 2012, 285, 164–178. [CrossRef]

33. Monserud, R.A. Evaluating forest models in a sustainable forest management context. For. Biometry Model. Inf. 2003, 1, 35–47.
34. Peng, C. Understanding the role of forest simulation models in sustainable forest management. Environ. Impact Assess. Rev. 2000,

20, 481–501. [CrossRef]
35. Pretzsch, H.; Grote, R.; Reineking, B.; Rötzer, T.; Seifert, S. Models for forest ecosystem management: A European perspective.

Ann. Bot. 2008, 101, 1065–1087. [CrossRef]
36. Taylor, A.R.; Chen, H.Y.H.; VanDamme, L. A review of forest succession models and their suitability for forest management

planning. For. Sci. 2009, 55, 23–36. [CrossRef]
37. Perot, T.; Goreaud, F.; Ginisty, C.; Dhôte, J.F. A model bridging distance-dependent and distance-independent tree models to

simulate the growth of mixed forests. Ann. For. Sci. 2010, 67, 502. [CrossRef]
38. Robinson, A.P.; Ek, A.R. The consequences of hierarchy for modeling in forest ecosystems. Can. J. For. Res. 2000, 30, 1837–1846.

[CrossRef]
39. Sampson, D.A.; Janssens, I.A.; Ceulemans, R. Under-story contributions to stand level GPP using the process model SECRETS.

Handb. Environ. Chem. Vol. 5 Water Pollut. 2006, 139, 94–104. [CrossRef]
40. Miehle, P.; Battaglia, M.; Sands, P.J.; Forrester, D.I.; Feikema, P.M.; Livesley, S.J.; Morris, J.D.; Arndt, S.K. A comparison of four

process-based models and a statistical regression model to predict growth of Eucalyptus globulus plantations. Ecol. Model. 2009,
220, 734–746. [CrossRef]

41. Siqueira, M.B.; Katul, G.G.; Sampson, D.A.; Stoy, P.C.; Juang, J.Y.; McCarthy, H.R.; Oren, R. Multiscale model intercomparisons of
CO2 and H2O exchange rates in a maturing southeastern US pine forest. Glob. Change Biol. 2006, 12, 1189–1207. [CrossRef]

42. Battaglia, M.; Sands, P.; White, D.; Mummery, D. CABALA: A linked carbon, water and nitrogen model of forest growth for
silvicultural decision support. For. Ecol. Manag. 2004, 193, 251–282. [CrossRef]

43. Deckmyn, G.; Verbeeck, H.; Op de Beeck, M.; Vansteenkiste, D.; Steppe, K.; Ceulemans, R. ANAFORE: A stand-scale process-
based forest model that includes wood tissue development and labile carbon storage in trees. Ecol. Model. 2008, 215, 345–368.
[CrossRef]

44. Scheller, R.M.; Mladenoff, D.J. An ecological classification of forest landscape simulation models: Tools and strategies for
understanding broad-scale forested ecosystems. Landsc. Ecol. 2007, 22, 491–505. [CrossRef]

45. Gielen, B.; Verbeeck, H.; Neirynck, J.; Sampson, D.A.; Vermeiren, F.; Janssens, I.A. Decadal water balance of a temperate Scots
pine forest (Pinus sylvestris L.) based on measurements and modelling. Biogeosciences 2010, 7, 1247–1261. [CrossRef]

46. Fischer, A.P.; Bliss, J.; Ingemarson, F.; Lidestav, G.; Lars, L. From the small woodland problem to ecosocial systems: The evolution
of social research on small-scale forestry in Sweden and the USA. Scand. J. For. Res. 2010, 25, 390–398. [CrossRef]

47. Landsberg, J. Modelling forest ecosystems: State of the art, challenges, and future directions. Can. J. For. Res. 2003, 33, 385–397.
[CrossRef]

48. Snell, R.S.; Peringer, A.; Bugmann, H. Integrating models across temporal and spatial scales to simulate landscape patterns and
dynamics in mountain pasture-woodlands. Landsc. Ecol. 2017, 32, 1079–1096. [CrossRef]

http://doi.org/10.5849/forsci.13-153
http://doi.org/10.1016/j.ecolmodel.2010.09.040
http://doi.org/10.1016/S0304-3800(01)00476-8
http://doi.org/10.1007/s10980-017-0540-9
http://doi.org/10.1016/j.foreco.2013.10.003
http://doi.org/10.1016/j.ecolmodel.2015.06.044
http://doi.org/10.5424/fs/201019S-9315
http://doi.org/10.1046/j.1466-822X.2003.00035.x
http://doi.org/10.1016/j.ecolmodel.2017.01.013
http://doi.org/10.1016/j.ecolmodel.2015.11.018
http://doi.org/10.1016/j.foreco.2012.07.041
http://doi.org/10.1016/S0195-9255(99)00044-X
http://doi.org/10.1093/aob/mcm246
http://doi.org/10.17221/73/2008-jfs
http://doi.org/10.1051/forest/2010004
http://doi.org/10.1139/x00-117
http://doi.org/10.1016/j.agrformet.2006.06.003
http://doi.org/10.1016/j.ecolmodel.2008.12.010
http://doi.org/10.1111/j.1365-2486.2006.01158.x
http://doi.org/10.1016/j.foreco.2004.01.033
http://doi.org/10.1016/j.ecolmodel.2008.04.007
http://doi.org/10.1007/s10980-006-9048-4
http://doi.org/10.5194/bg-7-1247-2010
http://doi.org/10.1080/02827581.2010.498386
http://doi.org/10.1139/x02-129
http://doi.org/10.1007/s10980-017-0511-1


Forests 2022, 13, 515 23 of 25

49. Wang, W.J.; He, H.S.; Spetich, M.A.; Shifley, S.R.; Thompson, F.R.; Larsen, D.R.; Fraser, J.S.; Yang, J. A large-scale forest landscape
model incorporating multi-scale processes and utilizing forest inventory data. Ecosphere 2013, 4, 1–22. [CrossRef]

50. Battaglia, M.; Sands, P.J. Process-based forest productivity models and their application in forest management. For. Ecol. Manag.
1998, 102, 13–32. [CrossRef]

51. Bellehumeur, C.; Legendre, P.; Marcotte, D. Variance and Spatial Scales in a Tropical Rain Forest: Changing the Size of Sampling
Units. Plant Ecol. 1997, 130, 89–98. [CrossRef]

52. Twery, M.J. Modelling in Forest Management. Environmental Modelling—Finding Simplicity in Complexity; Wiley: Chichester, UK,
2004; pp. 295–305.

53. Shugart, H.H.; Wang, B.; Fischer, R.; Ma, J.; Fang, J.; Yan, X.; Huth, A.; Armstrong, A.H. Gap models and their individual-based
relatives in the assessment of the consequences of global change. Environ. Res. Lett. 2018, 13, 033001. [CrossRef]

54. Larocque, G.; Komarov, A.; Chertov, O.; Shanin, V.; Liu, J.; Bhatti, J.; Wang, W.; Peng, C.; Shugart, H.; Xi, W.; et al. Process-Based
Models: A Synthesis of Models and Applications to Address Environmental and Management Issues. In Ecological Forest
Management Handbook; Taylor & Francis Group, LLC: Boca Raton, FL, USA, 2016; pp. 223–266.

55. Härkönen, S.; Pulkkinen, M.; Duursma, R.; Mäkelä, A. Estimating annual GPP, NPP and stem growth in Finland using summary
models. For. Ecol. Manag. 2010, 259, 524–533. [CrossRef]

56. Mäkelä, A.; Landsberg, J.; Ek, A.R.; Burk, T.E.; Ter-Mikaelian, M.; Ågren, G.I.; Oliver, C.D.; Puttonen, P. Process-based models
for forest ecosystem management: Current state of the art and challenges for practical implementation. Tree Physiol. 2000,
20, 289–298. [CrossRef]

57. Köhler, P.; Huth, A. The effects of tree species grouping in tropical rainforest modelling: Simulations with the individual-based
model FORMIND. Ecol. Model. 1998, 109, 301–321. [CrossRef]

58. Blanco, J.A.; González De Andrés, E.; San Emeterio, L.; Lo, Y.H. Modelling mixed forest stands: Methodological challenges and
approaches. Dev. Environ. Model. 2015, 27, 189–215. [CrossRef]

59. Schumacher, S.; Bugmann, H.; Mladenoff, D.J. Improving the formulation of tree growth and succession in a spatially explicit
landscape model. Ecol. Model. 2004, 180, 175–194. [CrossRef]

60. Larocque, G.R.; Luckai, N.; Adhikary, S.N.; Groot, A.; Bell, F.W.; Sharma, M. Competition theory- science and application in
mixed forest stands: Review of experimental and modelling methods and suggestions for future research. Environ. Rev. 2013,
21, 71–84. [CrossRef]

61. Hauhs, M.; Kastner-Maresch, A.; Rost-Siebert, K. A model relating forest growth to ecosystem-scale budgets of energy and
nutrients. Ecol. Model. 1995, 83, 229–243. [CrossRef]

62. Kramer, K.; Degen, B.; Buschbom, J.; Hickler, T.; Thuiller, W.; Sykes, M.T.; de Winter, W. Modelling exploration of the future of
European beech (Fagus sylvatica L.) under climate change-Range, abundance, genetic diversity and adaptive response. For. Ecol.
Manag. 2010, 259, 2213–2222. [CrossRef]

63. Kramer, K.; Buiteveld, J.; Forstreuter, M.; Geburek, T.; Leonardi, S.; Menozzi, P.; Povillon, F.; Schelhaas, M.J.; Teissier du Cros, E.;
Vendramin, G.G.; et al. Bridging the gap between ecophysiological and genetic knowledge to assess the adaptive potential of
European beech. Ecol. Model. 2008, 216, 333–353. [CrossRef]

64. Goreaud, F.; Courbaud, B.; Collinet, F. Spatial structure analysis applied to modelling of forest dynamics: A few examples. In
Proceedings of the IUFRO Workshop, Empirical and Process Based Models for Forest Tree and Stand Growth Simulation, Oeiras,
Portugal, 21–27 September 1997; pp. 1–27.

65. Houllier, F.; Bouchon, J.; Birot, Y. Modélisation de la dynamique des peuplements forestiers: État et perspectives. Rev. For.
Française 1991, 43, 87–108. [CrossRef]

66. Larocque, G.R.; Shugart, H.H.; Xi, W.; Holm, J.A. Forest Succession Models. In Ecological Forest Management Handbook; Taylor &
Francis Group, LLC: Boca Raton, FL, USA, 2016; pp. 179–221.

67. Zhang, L.; Hui, G.; Hu, Y.; Zhao, Z. Spatial structural characteristics of forests dominated by Pinus tabulaeformis Carr. PLoS ONE
2018, 13, e0194710. [CrossRef]

68. Forrester, D.I.; Tang, X. Analysing the spatial and temporal dynamics of species interactions in mixed-species forests and the
effects of stand density using the 3-PG model. Ecol. Model. 2016, 319, 233–254. [CrossRef]

69. Kimmins, J.P.; Mailly, D.; Seely, B. Modelling forest ecosystem net primary production: The hybrid simulation approach used in
FORECAST. Ecol. Model. 1999, 122, 195–224. [CrossRef]

70. Korzukhin, M.D.; Ter-Mikaelian, M.; Wagner, R.G. Process versus empirical models- Korzukhin. Can. J. For. Res. 1996, 26, 879–887.
[CrossRef]

71. Thürig, E.; Kaufmann, E.; Frisullo, R.; Bugmann, H. Evaluation of the growth function of an empirical forest scenario model.
For. Ecol. Manag. 2005, 204, 53–68. [CrossRef]

72. Adams, H.D.; Park Williams, A.; Xu, C.; Rauscher, S.A.; Jiang, X.; McDowell, N.G. Empirical and process-based approaches to
climate-induced forest mortality models. Front. Plant Sci. 2013, 4, 1–5. [CrossRef]

73. Letort, V.; Cournède, P.H.; Mathieu, A.; De Reffye, P.; Constant, T. Parametric identification of a functional-structural tree growth
model and application to beech trees (Fagus sylvatica). Funct. Plant Biol. 2008, 35, 951–963. [CrossRef]

74. Canham, C.D. SORTIE-ND: Software for Spatially-Explicit Simulation of Forest Dynamics. Available online: http://www.sortie-
nd.org/ (accessed on 31 January 2022).

http://doi.org/10.1890/ES13-00040.1
http://doi.org/10.1016/S0378-1127(97)00112-6
http://doi.org/10.1023/A:1009763830908
http://doi.org/10.1088/1748-9326/aaaacc
http://doi.org/10.1016/j.foreco.2009.11.009
http://doi.org/10.1093/treephys/20.5-6.289
http://doi.org/10.1016/S0304-3800(98)00066-0
http://doi.org/10.1016/B978-0-444-63536-5.00009-0
http://doi.org/10.1016/j.ecolmodel.2003.12.055
http://doi.org/10.1139/er-2012-0033
http://doi.org/10.1016/0304-3800(95)00101-Z
http://doi.org/10.1016/j.foreco.2009.12.023
http://doi.org/10.1016/j.ecolmodel.2008.05.004
http://doi.org/10.4267/2042/26197
http://doi.org/10.1371/journal.pone.0194710
http://doi.org/10.1016/j.ecolmodel.2015.07.010
http://doi.org/10.1016/S0304-3800(99)00138-6
http://doi.org/10.1139/x26-096
http://doi.org/10.1016/j.foreco.2004.07.070
http://doi.org/10.3389/fpls.2013.00438
http://doi.org/10.1071/FP08065
http://www.sortie-nd.org/
http://www.sortie-nd.org/


Forests 2022, 13, 515 24 of 25

75. Grote, R.; Pretzsch, H. A model for individual tree development based on physiological processes. Plant Biol. 2002, 4, 167–180.
[CrossRef]

76. Poorter, H.; Anten, N.P.R.; Marcelis, L.F.M. Physiological mechanisms in plant growth models: Do we need a supra-cellular
systems biology approach? Plant Cell Environ. 2013, 36, 1673–1690. [CrossRef] [PubMed]

77. Burkhart, H.E.; Tomé, M. Modeling Forest Trees and Stands; Springer: Berlin/Heidelberg, Germany, 2012; pp. 1–461.
78. Ameztegui, A.; Cabon, A.; De Cáceres, M.; Coll, L. Managing stand density to enhance the adaptability of Scots pine stands to

climate change: A modelling approach. Ecol. Model. 2017, 356, 141–150. [CrossRef]
79. Bartelink, H.H. A growth model for mixed forest stands. For. Ecol. Manag. 2000, 134, 29–43. [CrossRef]
80. Rötzer, T.; Leuchner, M.; Nunn, A.J. Simulating stand climate, phenology, and photosynthesis of a forest stand with a process-based

growth model. Int. J. Biometeorol. 2010, 54, 449–464. [CrossRef]
81. Albrecht, A.; Kohnle, U.; Nagel, J. Übertragbarkeit empirischer statistischer Waldwachstumsmodelle: Prüf- und Anpassungsver-

fahren anhand des Beispiels B Win Pro für Baden-Württemberg. Allg. Forst-Und Jagdztg. 2011, 182, 11–23.
82. Yousefpour, R.; Hanewinkel, M. Modelling of forest conversion planning with an adaptive simulation-optimization approach and

simultaneous consideration of the values of timber, carbon and biodiversity. Ecol. Econ. 2009, 68, 1711–1722. [CrossRef]
83. Nagel, J. TreeGrOSS—Tree Growth Open Source Software; Abteilung Waldwachstum, Niedersächsischen Forstlichen Versuchsanstal:

Göttingen, Germany, 2003; pp. 1–25.
84. Packalen, T.; Marques, A.F.; Rasinmäki, J.; Rosset, C.; Mounir, F.; Rodriguez, L.C.E.; Nobre, S.R. Review.A brief overview of forest

management decision support systems (FMDSS) listed in the FORSYS wiki. For. Syst. 2013, 22, 263–269. [CrossRef]
85. Helmholtz Centre for Environmental, R. Formind: The Forest Model. Available online: https://formind.org/model/ (accessed

on 31 January 2022).
86. Charbonnier, F.; le Maire, G.; Dreyer, E.; Casanoves, F.; Christina, M.; Dauzat, J.; Eitel, J.U.H.; Vaast, P.; Vierling, L.A.; Roupsard, O.

Competition for light in heterogeneous canopies: Application of MAESTRA to a coffee (coffea arabica L.) agroforestry system.
Agric. For. Meteorol. 2013, 181, 152–169. [CrossRef]

87. Duursma, R.A.; Medlyn, B.E. MAESPA: A model to study interactions between water limitation, environmental drivers and
vegetation function at tree and stand levels, with an example application to [CO2] × drought interactions. Geosci. Model Dev.
2012, 5, 919–940. [CrossRef]

88. Mikac, S.; Klopf, M.; Anić, I.; Hasenauer, H. Using the tree growth model MOSES to assess the dynamics of Dinaric old-growth
mixed beech-fir forest ecosystems. Plant Biosyst. 2013, 147, 664–671. [CrossRef]

89. Huth, A.; Ditzer, T.; Bossel, H. Rain Forest Growth Model FORMIX3: A Tool for Forest Management Planning Towards Sustainability;
Tropenökologisches Begleitprogramm (TÖB), Deutsche Gesellschaft für Technische Zusammenarbeit (GTZ): Eschborn, Germany,
1997; pp. 1–78.

90. Köhler, P. Sustainable Timber Harvesting in Venezuela: A modelling Approach. J. Appl. Ecol. 2001, 38, 756–770.
91. Tietjen, B.; Huth, A. Modelling dynamics of managed tropical rainforests-An aggregated approach. Ecol. Model. 2006,

199, 421–432. [CrossRef]
92. Monserud, R.A.; Robinson, A.P. How adaptable are forest growth models for simulating alternative silvicultures in the north-

west. In Congruent Management of Multiple Resources: Proceedings from the Wood Compatibility Initiative Workshop; Johnson, A.C.,
Haynes, R.W., Monserud, R.A., Eds.; UDSA Forest Service, Pacific Northwest Research Station: Portland, OR, USA, 2002;
pp. 1–157.

93. Robinson, A.P.; Monserud, R.A. Criteria for comparing the adaptability of forest growth models. For. Ecol. Manag. 2003,
172, 53–67. [CrossRef]

94. Evans, M.R.; Moustakas, A. A comparison between data requirements and availability for calibrating predictive ecological models
for lowland UK woodlands: Learning new tricks from old trees. Ecol. Evol. 2016, 6, 4812–4822. [CrossRef]

95. Ditzer, T.; Glauner, R.; Förster, M.; Köhler, P.; Huth, A. The process-based stand growth model Formix 3-Q applied in a GIS
environment for growth and yield analysis in a tropical rain forest. Tree Physiol. 2000, 20, 367–381. [CrossRef]

96. Bose, A.K.; Harvey, B.D.; Coates, K.D.; Brais, S.; Bergeron, Y. Modelling stand development after partial harvesting in boreal
mixedwoods of eastern Canada. Ecol. Model. 2015, 300, 123–136. [CrossRef]

97. Canham, C.D.; Rogers, N.; Buchholz, T. Regional variation in forest harvest regimes in the northeastern United States. Ecol. Appl.
2013, 23, 515–522. [CrossRef]

98. Bugmann, H.; Seidl, R.; Hartig, F.; Bohn, F.; Una, J.B.R.; Cailleret, M.; Franc ß Ois, L.; Heinke, J.; Henrot, A.-j.; Hickler, T.; et al. Tree
mortality submodels drive simulated long-term forestdynamics: Assessing 15 models from the stand to global scale. Ecosphere
2019, 10, e02616. [CrossRef]

99. Canham, C.D.; Murphy, L. The demography of tree species response to climate: Sapling and canopy tree survival. Ecosphere 2017,
8, 1–16. [CrossRef]

100. Dantas de Paula, M.; Groeneveld, J.; Fischer, R.; Taubert, F.; Martins, V.F.; Huth, A. Defaunation impacts on seed survival and its
effect on the biomass of future tropical forests. Oikos 2018, 127, 1526–1538. [CrossRef]

101. Forsyth, D.M.; Wilson, D.J.; Easdale, T.A.; Kunstler, G.; Canham, C.D.; Ruscoe, W.A.; Wright, E.F.; Murphy, L.; Gormley, A.M.;
Gaxiola, A.; et al. Century-scale effects of invasive deer and rodents on the dynamics of forests growing on soils of contrasting
fertility. Ecol. Monogr. 2015, 85, 157–180. [CrossRef]

http://doi.org/10.1055/s-2002-25743
http://doi.org/10.1111/pce.12123
http://www.ncbi.nlm.nih.gov/pubmed/23611725
http://doi.org/10.1016/j.ecolmodel.2017.04.006
http://doi.org/10.1016/S0378-1127(99)00243-1
http://doi.org/10.1007/s00484-009-0298-0
http://doi.org/10.1016/j.ecolecon.2008.12.009
http://doi.org/10.5424/fs/2013222-03192
https://formind.org/model/
http://doi.org/10.1016/j.agrformet.2013.07.010
http://doi.org/10.5194/gmd-5-919-2012
http://doi.org/10.1080/11263504.2013.776649
http://doi.org/10.1016/j.ecolmodel.2005.11.045
http://doi.org/10.1016/S0378-1127(02)00041-5
http://doi.org/10.1002/ece3.2217
http://doi.org/10.1093/treephys/20.5-6.367
http://doi.org/10.1016/j.ecolmodel.2015.01.002
http://doi.org/10.1890/12-0180.1
http://doi.org/10.1002/ecs2.2616
http://doi.org/10.1002/ecs2.1701
http://doi.org/10.1111/oik.05084
http://doi.org/10.1890/14-0389.1


Forests 2022, 13, 515 25 of 25

102. Ameztegui, A.; Paquette, A.; Shipley, B.; Heym, M.; Messier, C.; Gravel, D. Shade tolerance and the functional trait: Demography
relationship in temperate and boreal forests. Funct. Ecol. 2017, 31, 821–830. [CrossRef]

103. Kunstler, G.; Allen, R.B.; Coomes, D.A.; Canham, C.D.; Wright, E.F. Sustainable management, earthquake disturbances, and
transient dynamics: Modelling timber harvesting impacts in mixed-species forests. Ann. For. Sci. 2013, 70, 287–298. [CrossRef]

104. Fischer, R. The long-term consequences of forest fires on the carbon fluxes of a tropical forest in Africa. Appl. Sci. 2021, 11, 4696.
[CrossRef]

105. Knapp, N.; Fischer, R.; Huth, A. Linking lidar and forest modeling to assess biomass estimation across scales and disturbance
states. Remote Sens. Environ. 2018, 205, 199–209. [CrossRef]

106. Ribeiro, N.S.; Armstrong, A.H.; Fischer, R.; Kim, Y.S.; Shugart, H.H.; Ribeiro-Barros, A.I.; Chauque, A.; Tear, T.;
Washington-Allen, R.; Bandeira, R.R. Prediction of forest parameters and carbon accounting under different fire regimes in
Miombo woodlands, Niassa Special Reserve, Northern Mozambique. For. Policy Econ. 2021, 133, 102625. [CrossRef]

107. Vanclay, J.K.; Skovsgaard, J.P. Evaluating forest growth models. Ecol. Model. 1997, 98, 1–12. [CrossRef]
108. Beaudet, M.; Messier, C.; Canham, C.D. Predictions of understorey light conditions in northern hardwood forests following

parameterization, sensitivity analysis, and tests of the SORTIE light model. For. Ecol. Manag. 2002, 165, 235–248. [CrossRef]
109. Cristal, I.; Ameztegui, A.; González-Olabarria, J.R.; Garcia-Gonzalo, J. A Decision support tool for assessing the impact of climate

change on multiple ecosystem services. Forests 2019, 10, 440. [CrossRef]
110. Abelson, E.S.; Reynolds, K.M.; Manley, P.; Paplanus, S. Strategic decision support for long-term conservation management

planning. For. Ecol. Manag. 2021, 497, 119533. [CrossRef]
111. Beier, C.M.; Patterson, T.M.; Chapin, F.S. Ecosystem services and emergent vulnerability in managed ecosystems: A geospatial

decision-support tool. Ecosystems 2008, 11, 923–938. [CrossRef]
112. Thrippleton, T.; Lüscher, F.; Bugmann, H. Climate change impacts across a large forest enterprise in the Northern Pre-Alps:

Dynamic forest modelling as a tool for decision support. Eur. J. For. Res. 2020, 139, 483–498. [CrossRef]

http://doi.org/10.1111/1365-2435.12804
http://doi.org/10.1007/s13595-012-0256-6
http://doi.org/10.3390/app11104696
http://doi.org/10.1016/j.rse.2017.11.018
http://doi.org/10.1016/j.forpol.2021.102625
http://doi.org/10.1016/S0304-3800(96)01932-1
http://doi.org/10.1016/S0378-1127(01)00621-1
http://doi.org/10.3390/f10050440
http://doi.org/10.1016/j.foreco.2021.119533
http://doi.org/10.1007/s10021-008-9170-z
http://doi.org/10.1007/s10342-020-01263-x

	Introduction 
	Five Criteria for Assessing Model Suitability for Small Forests 
	What Is the Model’s Spatial Resolution? 
	Can the Model Simulate More than One Species? 
	Is the Model Spatially Explicit? 
	Is the Modeling Approach Empirical or Process Based? 
	Does the Model Represent Physiological Processes Mechanistically? 

	Methods 
	Results 
	Tier 1: What Is the Model’s Spatial Resolution? 
	Tier 2: Can the Model Simulate for More than One Species? 
	Tier 3: Is the Model Spatially Explicit? 
	Tier 4: Is the Modeling Approach Empirical or Process-Based? 
	Tier 5: Does the Model Represent Physiological Processes Mechanistically? 

	Discussion 
	Key Findings from the Model Suitability Evaluation 
	Considerations for Implementing Models in New Contexts 
	Recommendations 

	Conclusions 
	References

