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ABSTRACT

The coniferous forests of the Western Cordillera are

particularly affected by recent increases in wildfire

extent and severity. After fire, conifer establish-

ment and growth rates are influenced by a wide

range of ecological drivers. Understanding the rel-

ative influence of ecological drivers on conifer

recovery is crucial when modeling landscape

dynamics. Past research has examined a wide

variety of ecological drivers; however, syntheses of

these drivers are rare. This systematic review fo-

cuses on forest recovery pathways, which have

distinct variability in spatial and temporal measures

of conifer establishment and growth. From studies

examined, we extracted whether the study identi-

fied a recovery pathway and whether field or

satellite spectral methods were used. Spectral

methods were the most common method to

determine the 84 extracted pathways. Among

pathways identified, conifer self-replacement was

the most common, but the second most common

was state change, wherein the forest transitions in

landcover type. We also investigated how recovery

varied relative to different ecological drivers.

Among the > 1000 drivers considered, pre-fire

composition and post-fire moisture had consistent

positive associations with all recovery metrics,

while the association with other drivers varied by

metric (stem density versus composition) and/or

method (field versus spectral). Our review outlines

key gaps for future research, including (1) the

accuracy of spectral monitoring to capture struc-

tural growth trends, such as stem densities over

time, and (2) how the effects of ecological drivers

vary across scales, such as post-fire shrub cover at

local versus landscape levels. Overall, fusing spec-

tral and field data across spatiotemporal scales im-

proves our understanding of post-wildfire recovery

and dynamics, as well as our ability to anticipate

the impacts of changing climate and wildfire con-

ditions on recovering forests.
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HIGHLIGHTS

� Post-fire moisture and pre-fire forest conditions

positively impact all recovery metrics.

� Driver impacts varied by recovery metric and

measurement method (spectral vs. field).

� Spectral estimates of post-fire regrowth capture

distinct recovery trends.

INTRODUCTION

The changing climate, coupled with the increased

size and severity of wildfires, underscores the need

to monitor the spatial and temporal variability of

forest recovery after fire (Abatzoglou and others

2021). Throughout the Holocene, pervasive fires

have burned in the dry conifer forests that domi-

nate the Western Cordillera (Hessburg and others

2005)—North America’s second-largest ecozone

(Hessburg and others 2005; Omernik and Griffith

2014). However, as summers of the twenty-first

century have become drier and hotter, some re-

gions have experienced significant declines in post-

fire conifer establishment and growth (Hansen and

Turner 2019; Turner and others 2019). Some

studies have documented conifer forests that tran-

sition to open grassland (Hamilton and Burton

2023) or mixed forest ecosystems (Kulakowski and

others 2013). These changes in forest composition

and structure have dramatic impacts on ecosystem

functions, including timber provisioning, water

cycling, and carbon dynamics (Sánchez and others

2021).

In the decades that follow a high-severity stand-

replacing fire, the conifer seedlings that success-

fully establish generally dominate the forest canopy

for the subsequent decades to centuries (Brullsauer

and others 1996; Tortorelli and others 2024). Thus,

the spatial and temporal variability of conifer

establishment and growth in the early post-fire

years (that is, < 20 years) indicate future forest

composition (Oliver and Larson 1996). Taking

advantage of the link between early seedling

establishment and young forest growth, recovery

studies use conifer stem density or cover at one

time to describe pathways of forest recovery

specific in composition, structure, and growth rate

(Box 1). A pathway describes the spatially vari-

ability across metrics of structure or composition, as

well as a temporally distinct trend in vegetation

growth (Box 1). For example, Coop (2023) sam-

pled vegetation 20–23 years post-fire in the

southwest US. They associated spatially variability

in post-fire vegetation cover with different forest

recovery pathways, such as a pathway leading to a

young conifer-dominant forest or a pathway lead-

ing to a shrub-dominant landscape (Coop 2023).

Spatial and temporally variability in forest met-

rics (for example, stem density, species composi-

tion, canopy height) reflect general types of conifer

recovery pathways (Baltzer and others 2021; Seidl

and Turner 2022; White and others 2023). Box 1

defines six pathway types including: self-replace-

ment, delayed self-replacement, structure change,

composition change, state change, and regenera-

tion failure. Note that each pathway type has

numerous variations. For example, a pathway of

composition change could represent an area with

an increased deciduous tree response or a different

composition of conifer species. Additionally, while

spatial variability offers a snapshot of potential

pathways, temporal data are essential to confirm

trends. A single time-point may mask delayed

recovery processes, such as lagged conifer estab-

lishment (Box 1, Stevens-Rumann and others

2022). Ultimately, the association of a site with a

pathway type depends on the metric measured (for

example, stem density), timing of measurement

(for example, number of years post-fire), and

measurement frequency (for example, single

observation versus repeated). For instance, a study

that measures conifer growth rates may identify

different pathways compared to a study measuring

stem density (Box 1). While the spatial and tem-

poral variability of metrics characterizes recovery

pathways, understanding why these pathways

emerge requires examining the ecological drivers

behind them.

Recovery pathways are affected by ecological

drivers, such as temperature or fire severity, that

influence conifer establishment and germinant

growth (Drever and others 2006; Littlefield 2019;

Baltzer and others 2021). In this review, ‘‘metrics’’

refers to variability of a recovery metric (for

example, stem density) while ‘‘measures’’ refers to

variability of an ecological driver. To investigate

how driver measures influence recovery metrics,

researchers use a range of methods, including

benchtop or greenhouse experiments, observa-

tional field surveys, and large-scale remote sensing

methods. Benchtop or greenhouse experiments

control the variability of drivers, isolating the

specific impacts on recovery, but extrapolating re-

sults to complex landscapes is challenging. For

example, it is difficult for a greenhouse study to

compare the effect of temperature, easily manipu-

lated in greenhouses, with a driver like fire severity

or herbaceous competition, which is challenging to
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Box 1. Defining forest recovery pathways and the importance of measurement timing and measurement metric in

recovery monitoring.
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replicate in a greenhouse setting (Petrie and others

2016). Field studies typically assess a greater

diversity of drivers, but are also less common than

greenhouse or benchtop studies. In a 2016 review

of temperature and moisture effects on ponderosa

and lodgepole pine establishment, only 25% of

included studies were field-based (Petrie and others

2016).

Although key ecological drivers of recovery are

well established, their relative effect on recover

remains difficult to quantify for two reasons. First,

they operate across diverse spatial and temporal

scales (Littlefield and others 2020; Peven and oth-

ers 2024). Second, a driver’s effect on recovery

varies with the measurement method, the observed

range of the driver, and which other drivers are

considered. As a result, while we know tempera-

ture and moisture control seedling establishment

(Petrie and others 2016), a 2019 review found few

post-fire recovery studies integrated climate vari-

ables in models (Stevens-Rumann and Morgan

2019). More recent work leveraged regional field

plot data to highlight the negative impact of post-

fire drought and fire severity on conifer establish-

ment (Davis and others 2019, 2023; Stevens-Ru-

mann and others 2022). Yet, these regional models

can also inflate the importance of a single driver

while obscuring locally important drivers (Chase

and Knight 2013; Peeler and Smithwick 2020).

Additionally, plot syntheses require substantial ef-

fort and are subject to inherent sampling error

(Persson and others 2022). Therefore, regional

investigations must account for sampling limita-

tions and methodological variability, as well as

consider how drivers impactful at the regional scale

interact with drivers important at a site level.

One solution to consider the effects of ecological

drivers across scales is to integrate synoptic and

large-scale satellite observations within investiga-

tions (Pettorelli and others 2018). Satellite obser-

vations of land surface reflectance capture the

spatial and temporal variability in recovery metrics,

and associated measures of ecological drivers, after

fire (Kasischke and French 1997; Senf 2022; Wul-

der and others 2022) while minimizing cost and

time investments (Frolking and others 2009a).

Further, variability in spectral responses has been

linked to variability in ecological driver measures

(Frolking and others 2009a). These linkages can

synthesize the relationship of pathways and eco-

logical drivers over large areas, such as the Cana-

dian Boreal (White and others 2023). However,

since spectral responses do not directly measure

forest structure metrics, relationships between

spectrally identified recovery and drivers may differ

from those identified in the field (Senf 2022). Thus,

spectral data require validation using ground-

truthing (White and others 2022) or association

with trends or values from the established litera-

ture (Frolking and others 2009b; White and others

2018, 2019). To capitalize on the advantages of

spectral data, we must first compile the spectral and

field-based recovery pathways identified in the

literature and, for these pathways, determine the

relative impact of different ecological drivers.

An improved understanding of what drives

pathways of early post-fire vegetation empowers

better adaptation and possible management action

as forests recover in our altered world (Pritchard

and Brockington 2019). This systematic review fo-

cuses on the early rate of conifer recovery through

establishment, density, basal area, composition,

and spectral responses associated with conifer

recovery. We focus on early recovery because re-

search suggests that early coniferous growth (up to

30 years) is indicative of young forest (60–

80 years) stand structure and composition (Tor-

torelli and others 2024). Our systematic review

specifically asks: What drives early recovery path-

ways in coniferous dominant forests of the Western

Cordillera? In this work, our objectives are to (1)

synthesize observed pathways of early forest

recovery for dry coniferous forests of the Western

Cordillera, (2) outline how spectral responses are

used to identify pathways, and (3) assess and syn-

thesize the relative influence of different drivers on

recovery measures from both field and spectral

methods. Our findings describe the current state of

knowledge on early conifer recovery and charac-

terize how the study method (field versus spectral)

or metric (stem density vs. composition) affects the

findings. As an outcome, we identify knowledge

and methodological gaps that frame key questions

and recommendations for future post-fire research.

We also emphasize the broader applicability of our

approach in synthesizing ecological findings from

both field and spectral domains.

A Primer on Spectral Remote Sensing
for Recovery Monitoring

As a component of our synthesis, we provide a

background on data processing and typical methods

for using spectral data to monitor forest recovery

trends. The use of satellite data to monitor the

recovery process, which is a process of incremental

change, requires long-term data (that is, > 10

years) of consistent quality. High-quality and long-

term datasets, such as the Landsat satellite data

series, have revolutionized approaches for both
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identifying disturbances and monitoring trends of

forest recovery. The rise of satellite monitoring has

also benefited from increasing data availability and

accessibility, particularly the opening of the Land-

sat archive in 2008. White (2024) noted that be-

tween 2008 and 2024, studies using Landsat data to

monitor forest recovery have increased sixfold.

These recent studies benefit from well-defined ap-

proaches for satellite data processing and strong

links between various components of forest struc-

ture and spectral response (Chu and Guo 2013).

Satellite images require radiometric calibration

and georectification to minimize errors introduced

by the sensor, atmospheric effects, and variability

in topography. Historically, geographic inaccuracy

in satellite geographic positioning made comparing

changes in landscapes over time difficult (Gordon

1980). Additionally, time and financial resources

limited researchers’ capacity to purchase, store, and

calibrate the satellite data needed to time-series

analysis (Wulder and others 2022). Calibrating

satellite data are critical because atmospheric effects

can impact land surface reflectance by more than

40% (Dwyer and others 2018). Historically, spec-

tral studies relied on methods established in the

literature to pre-process data (Song and others

2001; Franks and others 2013). Recent studies

benefit from published analysis-ready data prod-

ucts that calibrate surface reflectance and auto-

matically mask cloudy or hazy pixels (Dwyer and

others 2018; Wulder and others 2022).

The release of analysis-ready data products,

specifically the Landsat Tier 1 products, facilitates

reconstructing long-term time series of spectral

responses. Analysis-ready products standardize

approaches to infill temporal or spatial data gaps as

well as adjust for differences among satellite sensors

(Chu and Guo 2013). To successfully curate a time

series of spectral responses, users also need to be

aware of cloud cover or fog, as both impact spectral

responses (Young and others 2017). Most com-

positing methods have algorithms to detect and

remove cloud and fog and extract high-quality

pixels for the final mosaiced image. These com-

positing approaches generally mask pixels assumed

to be cloudy or hazy. Then, they merge pixels by

maximum, average, or median pixel brightness

value for a given range of time (White and others

2014). It is important to know that different ap-

proaches, such as the median versus maximum

spectral value, will impact final output composites

(Epstein and others 2024). In spectral recovery

literature, there is no established guideline for best

practices in developing image composites, and

there have been few studies that compare com-

positing approaches (White and others 2014;

Francini and others 2023).

Historically, studies overcame the complexities of

processing satellite data by relying on single images

that captured forests of different ages. In these early

studies, differences in the spectral response of

multiple bands described spatially variable forest

age. For example, Jakubauskas and others (1996)

compared unique spectral patterns from Landsat

TM images to the associated six stages of lodgepole

pine forest succession (0–200 years) in the Greater

Yellowstone Ecosystem. The overall accuracy for

distinguishing successional stages from this the

unique spectral patterns of single image was over

80%. As these early studies were generally single-

image ‘‘snapshots,’’ they did not describe how the

spatial variability of forest succession linked to

trends of spectral response.

Later studies monitored spectral trends of

recovery by capitalizing on known differences in

spectral bands accentuated by indices that combine

bands (Frazier and others 2018). Spectral indices

use ratios and transformations to translate the re-

flectance of one or multiple bands into a metric of

increased ecological relevance. For example, the

normalized burn ratio (NBR) combines the near-

infrared and shortwave infrared to distinguish

green vegetation from bare ground. Fire severity

estimates often use NBR. Indeed, NBR is the

foundational index for the United States’ Moni-

toring Trends in Burn Severity (MTBS) Project. All

MTBS fire severity estimates classify severity with

dNBR and RdNBR values (Picotte 2023). These pre-

and post-NBR values describe the total loss of

vegetation from a fire, indicative of severity. In the

same way, the rate and magnitude of NBR change

post-fire capture vegetation recovery (White and

others 2017; Bright and others 2019).

As spectral recovery of one or multiple spectral

indices describes recovering vegetation, many

studies have linked spectral rates, magnitudes, or

thresholds of change to the recovery of forest

structure and ecosystem dynamics (Frolking and

others 2009a; Chu and Guo 2013; White 2024).

The application of remote sensing to study ecosys-

tem dynamics is succinctly summarized by Senf

(2022). Our synthesis concentrates on spectral data

of post-fire ecosystem recovery in the conifer for-

ests of the Western Cordillera. For studies with

similar methods, such as an assessment of stand

development (for example, height, canopy cover)

relative to the spectral rate of change, we aim to

compare outcomes for spectral response and asso-

ciated structural recovery quantitatively.

Synthesizing Post-fire Conifer Recovery



METHODS

Systematic Search

We used a systematic review approach to identify

studies investigating pathways and associated dri-

vers from SCOPUS, Web of Science, and AESD

before November 11, 2024. Our protocol followed

the RepOrting standards for Systematic Evidence

Syntheses in environmental research (ROSES) and

the Preferred Reporting Items for systematic Re-

views and Meta-Analyses (PRISMA, Appendix A,

(Collaboration for Environmental Evidence 2022).

We built and tested our search query in SCOPUS

and then expanded the search to Web of Science

Core Collection, AESD, and technical reports from

both Canadian and US institutions (Table A1). We

also incorporated studies identified in past litera-

ture reviews and literature articles using snowball

searching (Wohlin and others 2022). Search terms

capture articles within the SPIDER (S—Sample,

PI—Phenomenon of Interest, D—Design, E—Eval-

uation, R—Research Type) framework (Appendix

A, Cooke and others 2012). We tested the com-

prehensiveness of search terms with benchmarking

articles selected by the reviewers and field experts.

Exclusion criteria required the study to concen-

trate on dry-coniferous forests regrowing after

high-severity fire. Specifically, forest types of the

included studies were located in the Western Cor-

dillera based on the Level Three Ecoregions

(Omernik and Griffith 2014), had a continental

climate (generally associated with dry conditions,

Kottek and others 2006), and were coniferous

leading. For studies that relied only on field data,

we also required that the study model the forest

recovery response with three or more ecosystem

drivers (so we could compare relative effects). To

capture the emergent literature using spectral

monitoring, we included all spectral studies that

assessed trends with or without models associated

with ecosystem drivers. Out of 2,200 unique stud-

ies imported for screening, we excluded 1,997

based on abstracts and 139 based on full text. Of

the 68 studies that passed full-text exclusion, we

excluded eight studies from quantitative synthesis

based on quality appraisal. Quality appraisal ad-

dressed the core components of internal and

external study validity; studies that passed quality

appraisal are focused, extensive, applied, and

transparent (Burford and others 2013; Frampton

and others 2017). A total of 60 studies, 33 field-

based and 27 spectral (Figures 1, S2), published

from 1996 to 2024, were included in data extrac-

tion (Figures S1 and S2). A complete description of

the review protocol following the ROSES frame-

work is included in Appendix A (Collaboration

for Environmental Evidence, 2022).

Data Extraction

For each field and spectral study, we extracted

methods and results describing recovery metrics,

pathways, and associated drivers. For all studies,

we noted forest type, measure of fire severity, and

whether the study used spectral or field methods.

We also extracted information on reported recov-

ery trends. For studies that used spectral data to

report trends, we extracted the approach used to

identify recovery (for example, linear modeling or

spectral threshold), the index and/or spectral

bands, the number of years to determine pre-fire

spectral baseline, the number of years to detect

trend (s), and how distinct trends were associated

with field observations. We noted when studies

reported a distinct recovery pathway, which we

defined as spatial variability in a recovery metric

that persisted over time. For each pathway of

recovery, we extracted metric type (for example,

composition versus stem density), year of post-fire

observation, the pre-fire forest type, and the post-

fire forest type. We categorized types of post-fire

forests as (a) mixed-conifer, (b) mixed-growth that

includes deciduous and conifer species, or (c) sin-

gle-species. Additionally, we noted if there were

differences in stem density relative to pre-fire

composition, or a temporal delay in establishment

compared to assumptions or other regions.

Ecosystem Drivers

For studies that considered the relationship be-

tween recovery metrics and ecosystem drivers, we

extracted information on the recovery metric,

model approach, model accuracy, and tested dri-

vers. When studies built multiple models for dif-

ferent species or forest types, we extracted model

results for each species and forest type. For each

driver, we extracted the direction of effect on the

metric of coniferous recovery, the parameter esti-

mates, and how effect was measured (for example,

variable importance versus slope parameter), a

range for driver significance (for example, very

high to not based on p-values or variable impor-

tance scores), and degrees of freedom. To be able to

calculate driver effect size, we extracted the stan-

dard error or the precise p-value. When drivers did

not note a parameter value, we determined rela-

tionships based on textual reference. When studies

tested transformed aspect, we maintained cross-

study consistency by ensuring northern aspects

S. M. Smith-Tripp and others



were associated with lower values (for example, 0

for a Beers aspect transformation; Ferguson and

others 1989). We also noted when drivers were

tested as a part of model selection but not included

in the final modeling due to model parsimony.

Where available, we included estimates of model

accuracy of adjusted R2 or AUC for logistic models.

When necessary, we contacted the corresponding

author for additional information on the coeffi-

cients, approaches, or results. All studies were

subject to critical evaluation to minimize bias from

confounding factors or study-site selection (see

Appendix A for more details).

To allow for inter-study comparison despite

variability across ecological drivers, we arranged

drivers into groups and organized these groups into

broader Categories. For the ease of the reader,

‘‘Categories’’ are capitalized throughout the text.

The eight Categories we describe are: (1) Physical-

site Characteristics such as elevation, (2) Abiotic-

site Characteristics such as average growing season

temperature, (3) Pre-fire Biotic Characteristics such

as pre-fire basal area, (4) Fire Impacts such as fire

severity, (5) Post-fire Weather such as average

post-fire precipitation, (6) Anomalous Post-fire

Climate where weather observations were nor-

malized to historic averages, (7) Management, and

finally (8) Interaction terms and/or random-effects.

In our categorization, we separate post-fire climate

measures from anomalous post-fire climate (Post-

fire Weather and Post-fire Anomalous Climate,

respectively). Post-Fire Anomalous Climate nor-

malizes to site-averaged climate, typically using z-

score transformation (Davis and others 2023). For

details on associated groupings and categories for

individual drivers, see supplemental Table S3. For

each group, we tallied the number of models that

noted a positive, negative, or neutral effect on the

Figure 1. Map of the Western Cordilleran eco-region (shown in orange and red) subset to areas that experience a

continental climate (highlighted in orange). Areas with wildfires in this eco-region are shown in black. Total fires (in km2)

from 1984–2022 by latitude band shown at left. Fire locations identified using the Landtrendr algorithm (Kennedy and

others 2019), validated with the USGS MTBS (Finco and others 2012) and the Canadian National Fire Database (Skakun

and others 2018). Points are the center of the bounding box for studies included in data extraction. Studies that appear

outside the Western Cordillera are landscape-level studies. Color denotes if the study is spectral (uses satellite data) or

field-based (uses only plot-level data).
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associated conifer recovery metric. We also calcu-

lated the frequency that a driver from any given

group was both tested and included in the final

models.

To assess the relative impact of driver groups

across studies, we normalized estimated parameters

across models. For each model, we first normalized

reported driver parameters so that the driver with

the largest effect or importance was 1, and the least

important parameter was 0. We then multiplied

normalized values by the overall accuracy of the

model and the direction of model effect. For these

normalized values, a value closer to one describes a

driver that positively impacted the metric of

recovery and was associated with a highly accurate

model (generally R2 > 0.7). Comparatively, a vital

driver included in a model with low accuracy

would be closer to zero. Finally, a value close to -

1 describes a driver that negatively impacted the

metric of recovery and was associated with a highly

accurate model. Normalization allowed comparison

between statistical approaches, such as random

forest and linear regression.

RESULTS

Overview of Results

Our meta-analysis and narrative review synthe-

sized findings from 60 studies investigating forest

recovery pathways and drivers in the Western

Cordillera of North America (see Supplemental

Table S1 for a list of selected studies). We begin

with a summary of the included literature, high-

lighting metrics and methods used to identify

pathways, years of post-fire assessment, and

methods for determining fire severity. We then

address objective (1), identifying key recovery

pathways from the included literature, with an

emphasis on the application of spectral data to

discern these pathways. Then, we address objective

(2), assessing the relative importance of drivers of

recovery. Typically, studies relate spatial variability

in recovery metrics to ecological drivers. While the

spatial variability of the recovery metric does not

explicitly capture a pathway, this spatial variability

is often implied to represent a pathway. Thus, we

present results of recovery drivers in relation to

their measurement metric, such as stem density,

seedling/sapling presence, and spectral recovery

associated with coniferous growth. We first outline

how individually measured drivers are categorized

into broader driver groups, as well as the frequency

at which groups are assessed. Subsequently, for

each driver group, we consider its overall impor-

tance across models, considering how the specific

metric measured (for example, stem density or

spectral response) influences the relative impor-

tance of different driver groups.

Studies Included in Review

One-third of the total burned area in the western

Cordillera is in Canada, but studies are dispropor-

tionally located in the USA (Figure 1). Research is

predominantly field-based, but 27 studies (44% of

extracted) use spectral data to monitor and/or

model recovery (Figure 1). Half of the extracted

studies, both field and spectral, describe distinct

recovery pathways related to species composition,

forest structure, or temporal trends. 43 studies

(70%) also modeled variable recovery responses in

relation to different drivers; of these, 13 (32%)

investigated how different ecosystem drivers im-

pacted spectral metrics of conifer recovery.

The most common pre-fire forest type for ex-

tracted studies is mixed conifer (41%), followed by

ponderosa pine and Douglas-fir dominated forest

(13%). The time frame for post-fire assessment

averaged 15 years. Note some studies had longer

observation windows (> 60 years), which we re-

tained because they emphasized ecological rela-

tionships of early forest succession in the generally

underrepresented Canadian extent of the cordil-

lera. When studies include a metric of field-based

recovery, the most common metric is stem density

(41%), followed by seedling presence (13%). All

studies assessed high-severity wildfires, but varied

in approaches used to identify fire severity. The

most common method to estimate fire severity was

RdNBR (15%), followed by a combination of dNBR

and MTBS (13%, Supplemental Table S1).

Objective 1: Distinct Recovery Pathways
of the Western Cordillera

Our systematic review identified 29 studies that

reported 103 different recovery pathways. Of these

studies, 73% used spectral data to identify path-

ways. From the extracted literature, the most

commonly observed pathways suggest self-re-

placement (62%, Figure 2). The second most re-

ported pathway (12%) was state changes, where

the pre-fire dominant conifer species lose domi-

nance to deciduous trees and shrubs, grass, or bare

ground. Spectral studies reported self-replacement

and state changes at a greater frequency than field-

based studies (80% of state change pathways were

identified by spectral studies). Additionally, path-

way identification is more common with spectral
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methods than with field-based studies. When

studies did not observe recovery during the obser-

vation window, recovery outcomes were described

as binaries between ‘recovered’ or ‘not-recovered’

(Vanderhoof and others 2018; Davis and others

2019; Kiel and Turner 2022; Menick and others

2024).

Self-replacement pathways included areas with

recovery delay. For example, Kiel and others

(2025) found three distinct recovery pathways,

including two pathways of slow or delayed recov-

ery, where conifers required decades to establish at

densities > 500 stems per hectare. Spectral studies

often associated slow rates of spectral recovery with

delayed conifer establishment. For example, Me-

nick (2024) used snow-season NDVI values to dif-

ferentiate between areas with successful conifer

establishment 29–34 years after fire in northwest-

ern Montana. They found positive NDVI trends

were delayed from the original fire event, which

they attribute to an associated delay in coniferous

recovery. The pathway of delayed coniferous

recovery is also noted in other spectrally based

studies (Vanderhoof and others 2018; Smith-Tripp

and others 2024a).

Objective 2: Discerning Recovery
Pathways with Spectral Data

Spectral studies are diverse in their approaches to

identify recovery pathways, complicating inter-

study comparison and applying findings at scale.

Differences lie in data processing, methodology,

and associated field observations (see Table 1).

Most of the studies included in the review used

data acquired from the Landsat satellite series (23

of 27). Most studies create seasonal composites of

satellite surface reflectance (20 out of 27), but

compositing approaches and definition of growing

season vary (Table 1). For example, Menick and

others (2024) used maximum composites for the

growing season, May–October, to assess canopy

recovery in northwest Montana. In eastern Ore-

gon, Washington, and Idaho, Celebrezze and others

(2024) defined the growing season as June–August.

Studies also used varying years to establish pre-fire

spectral baselines to gage post-fire changes. Base-

line periods vary from immediately before the fire

(Buma 2012) to 10 years prior (Celebrezze and

others 2024; Smith-Tripp and others 2024b), with a

median of 3 years. Some studies exclude the year

before the fire to avoid mixed signals from pre-fire

drought (Vanderhoof and Hawbaker 2018; Van-

derhoof and others 2021).

Figure 2. Sankey diagram representing the literature identified recovery pathways. Lines are colored by type of recovery

pathway. Studies that use spectral data and field data are divided. Line width represents the frequency the pathways was

extracted from spectral and field studies (n = 103).
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Studies also used different spectral indices to

identify trends: NDVI is the index most assessed (12

of 27), while NBR or index combinations are

equally frequent (8 of 27). For these indices, post-

fire spectral trends and associated pathways were

identified from (1) temporal slopes (n = 9), (2)

relative or absolute change (n = 8), (3) classifica-

tion or clustering (n = 5), and spectral brightness

thresholds (n = 2). Thirteen studies validated

spectral differences using field data, light detection

and ranging (lidar) imputed structure estimates, or

high-resolution imagery. Trends were identified

from spectral satellite observations taken 1 and

30 years after the fire event, averaging 9 years.

Interestingly, Epstein and others (2024) found no

accuracy differences when using different obser-

vation windows (5, 10, or 15 years) to calculate

spectral recovery rates associated with either dense

or sparse conifer recovery.

Synthesizing the association of spectral trends to

pathways was challenged by the diversity of data

processing, selected spectral indices, and method-

ologies. Instead of a quantitative comparison, we

provide a narrative synthesis of how different

spectral trends describe structural recovery path-

ways. First, studies generally used a single spectral

Table 1. Description of Methods Used to Process Spectral Data and Identify Spectral Trends among Included
Studies Systematic Review (n = 27)

Variable Value Number of papers (n = 27)

Landsat spectral composite approach Maximum 8

Mean 2

Median 4

Median, maximum 1

Other 12

Spectral metrics All landsat bands 1

Combination of bands/indices 7

EVI 2

MODIS summer LAI 1

NBR 8

NDVI 9

NDVI (growing season) 1

NDVI (snow cover) 2

SAVI 1

SWIR (band 5) 1

Green chromatic coordinate 1

Years to establish baseline 1 2

2–4 15

5 + 5

Other 5

Observation window 1–5 7

11–20 6

21 + 2

6–10 11

Other 3

Method to assess spectral recovery Change 5

Cut-off 2

Other 1

Phenology 2

Relative change 3

Slope 9

Supervised classification 2

Unsupervised classification 3

Field or lidar verified structural attribute Combination of measures 7

Composition 9

Density 3

No field assessment 8

Seedling presence 1
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index to model recovery, and support that areas

with higher spectral index values have more veg-

etation cover (Buma 2012; Vanderhoof and Haw-

baker 2018; Vanderhoof and others 2018; Kiel and

Turner 2022; Menick and others 2024; Smith-Tripp

and others 2024b). Additionally, higher spectral

recovery rates indicate more vegetation regrowth,

but not necessarily coniferous regrowth (Smith-

Tripp and others 2024b). For example, Celebrezze

and others (2024) found that the recovery rate of

NDVI and NBR did not distinguish between shrub

and conifer dominant areas, with areas dominated

by grass having slower recovery rates. Grass was

not universally associated with slower spectral

recovery rates—both Chen and others (2011) and

Mitchell and Yuan (2010) found that grass had

higher initial recovery rates compared to dense

Ponderosa pine stands after the 2002 Jasper fire in

South Dakota. Chen and others (2011) also con-

sidered which index best described differences in

land cover postfire and suggested that the inte-

grated forest index (IFI) and the NBR displayed the

most variability across ponderosa pine, mixed

conifer, and grassy study sites. Although Chen and

others (2011) is the only study to test IFI, the value

of NBR for differentiating among distinct trends is

noted by several different studies (Celebrezze and

others 2024; Menick and others 2024; Smith-Tripp

and others 2024a, 2024b). Notably, while studies

compared the effectiveness of different indices for

modeling recovery (for example, NDVI vs. NBR,

Celebrezze and others 2024) no study tested how

using a single index versus multiple indices im-

pacted study outcomes.

Objective 3: The Relative Influence
of Recovery Drivers

Models linking spatial and temporal recovery to

ecosystem drivers vary in the metric measured and

modeling approach. Many studies include multiple

models for specific forest types (for example,

lodgepole pine and Engelmann spruce; (Littlefield

2019) or regions (for example, southwest Wash-

ington vs. Montana Rockies; Wilson and others

2021). In total, we extracted the directional asso-

ciation of ecosystem drivers and recovery metrics

from 152 distinct models. Modeling details,

including tested drivers and effects, are noted in

Table S4. Two-thirds of models are derived from

field-based studies (99 out of 150). Across all

models, the most common statistical approach is

generalized linear regression (40%), while random

forest and boosted regression are the second and

third most common (11 and 10%, respectively).

Metrics of stem density, spectral response, and

seedling/sapling presence are the most common

metrics used as response variables in models of

ecological drivers (41, 35, 13%). For the most

common recovery metrics, spectral response and

stem density, assessments of model accuracy are

similar (average stem density model accu-

racy = 0.54, average spectral model accu-

racy = 0.56). Our presentation of results focuses on

the most tested recovery metrics: stem density,

spectral response, and seedling/sapling presence.

Variability in recovery metrics is modeled using

many different ecological drivers. To facilitate

synthesis, we placed the more than 1000 extracted

drivers in 31 ecological similar groups within 8

categories (Table S3). Notably, while we focus on

naturally recovering forests, select studies include

comparison to planted or salvaged areas (Andrus

and others 2022; Clason and others 2022). We in-

clude these studies for completeness (Post-Fire

Management), but focus our discussion on drivers

present in unmanaged stands. Of these eight cate-

gories, Fire Impacts represent almost half (n = 459)

of tested drivers, while Post-fire Weather and Post-

Fire Management were the least common (Fig-

ure 3). Within the category of Fire Impacts, the

post-fire seed source, which described distance

(distance to edge) or abundance (cone abundance)

of live seed sources, was the most frequently tested

(n = 148). Physical-site Characteristics (n = 336),

including elevation and aspect, were the second

most commonly modeled drivers (Figure 3). The

frequency of different driver groups included in

models varied by measurement metric. Models that

were developed for spectral metrics include more

drivers (parameters) than field methods (median

number of drivers for spectral is 9 vs. 6 for field).

Among categories of driver groups, field methods

more frequently consider Abiotic-site Characteris-

tics and Physical-site Characteristics. Conversely,

spectral methods more frequently consider Pre-fire

Conditions, Post-fire Weather, and Post-fire Ano-

malous Climate.

Post-fire seed source is the most frequent driver

grouping included in stem density and seedling/

sapling presence models. Post-fire seed source de-

scribes the distance to or overall lack of seed source

(for example, distance to the forest edge and

remaining live basal area, Table S3). To ensure this

driver grouping aligned with a lack of seed source,

some drivers, such as the proportion of the land-

scape that is unburned, were inverted. Once

transformed, the effects of post-fire seed source

generally skewed negative, with some examples of

positive impacts. For instance, Povak and others
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(2020) found that distance-to-edge was negatively

correlated with post-fire stem densities in a mixed

conifer forest. Yet, Peeler and Smithwick (2020)

found that lodgepole seedling density was posi-

tively correlated proportion of burned landscapes.

Spectral studies found a consistent negative impact

Figure 3. Frequency of different groupings (arranged by Category) of driver factors across all papers. Labels are the

groupings, and numbers are the total number of times a driver within the group was extracted.
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of seed source, but most spectral studies tested fire

severity, not seed source.

Effects of drivers, such as fire severity, differed

among recovery modeling approaches. Across the

western US, the spectral recovery of lodgepole pine

forests was negatively correlated with satellite

estimated fire severity (Shrestha and others 2024),

but in field-based models, post-fire lodgepole pine

stem densities are positively associated with field

estimated fire severity (Turner and others 1997;

Coop and others 2010; Hoecker and Turner 2022).

Overall, a greater proportion of field-based metrics

have positive correlations with fire severity,

whereas spectral studies note a neutral and/or

Figure 4. Number of models investigating the spectral and structural recovery of interior dry conifer forests. Values are

colored by the number of models where driver association is negative (red) or positive (blue) for the recovery metric (note

scales on the x-axis vary) with neutral (gray) offset. Positive spectral recovery is either (a) a positive impact on recovery

rate, OR (b) a recovery rate positively correlated with coniferous stems. The y-axis labels are each driver group within each

driver Category.
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variable effect (Figure 4). Another driver with

variable impact across metrics was aspect: densities

are generally lower on southern aspects in field-

based studies (Hoecker and Turner 2022; Ziegler

and others 2017), whereas the effect is often neu-

tral in spectral recovery models (Vanderhoof and

others 2021; Wilson and others 2021) or non-sig-

nificantly negative (Bright and others 2019).

The effect of ecological drivers also varies by

forest type or region. Fire severity positively cor-

relates with stem density recovery across all forest

types, but Douglas-fir and ponderosa pine forests

are negatively correlated (Figure S3). Similarly,

elevation has a variable impact on recovery by

species and region. For coniferous species in Pacific

Northwest forests, Littlefield (2019) found species

presence was positively correlated with elevation

for alpine species like Engelmann spruce and

western larch, but negatively correlated with

Douglas-fir and ponderosa pine. Across the north-

west US region, Wilson and others (2021) used

variable importance to assess the impact of eleva-

tion on spectral recovery of Douglas-fir; they found

elevation to be the most important driver for

spectral recovery for Douglas-fir forests in central

Idaho, but in western Montana, post-fire precipi-

tation anomalies had a greater relative impact.

Pre-fire composition and site-moisture are two of

the few driver groups that consistently positively

impact all recovery metrics (Figure 5). Standard-

ized models suggest pre-fire composition had a

greater positive impact on stem density (field) than

spectral recovery (weighted effect of 0.32 vs 0.11

for spectral recovery). Conversely, post-fire mois-

ture had a greater positive effect on spectral

recovery (weighted effected of 0.41 vs. 0.36). Site-

moisture also had a consistent and positive influ-

ence on models of spectral recovery but had little to

no influence among the eight models of field-

measured stem density that included site-moisture

(weighted ranking spectral = 0.32 vs. weighted

ranking stem density = 0.00). For some driver

groups, such as wetting and post-fire heat, spectral

recovery studies suggested a strong positive influ-

ence. However, none of the included studies based

on field data included parameter estimates for

wetting or post-fire heat.

Overview of Findings

Our systematic review investigated the distinct

early (< 20 years) recovery pathways and associ-

ated ecological drivers after high-severity fire in dry

conifer forests. Our approach merged findings from

different disciplines: field-based studies as well as

studies that use spectral responses from satellite

image time series data. From the included studies,

we found that distinct pathways identified by

spectral and structural literature are generally

similar and reflect those of prior syntheses (Baltzer

and others 2021; Stevens-Rumann and others

2022). These pathways described distinct spatial

and temporal trends by species composition, forest

structure, and establishment rate. However,

recovery pathways were predominantly defined by

studies with both pre-fire and multiple post-fire

observations—namely, studies that used time series

of spectral data.

After synthesizing pathways, we investigated

which ecological drivers’ impact on the spatial and

temporal variability in recovery metrics. We found

that the number of ecological drivers included in

the literature is diverse (more than 1000 unique

drivers were tested across 60 studies, Figure 5).

Importantly, more recent literature has incorpo-

rated post-fire weather and climate conditions,

addressing a limitation noted in the last systematic

review of coniferous recovery (Stevens-Rumann

and Morgan 2019). Overall, the relative impor-

tance of ecological drivers varied by method

(spectral vs. field-based), metric (stem density vs.

seedling presence, Figure 5), species (lodgepole

pine vs. Douglas-fir, Figure S3), and region (Ore-

gon vs. Montana). Further, satellite and field-based

studies focus on different drivers: spectral studies

are more likely to include post-fire measures of

climate conditions, while field-based studies are

more likely to include post-fire measures of soil and

understory condition.

Recovery Pathways Limited
by Knowledge Gaps in Pre-fire
Composition and Post-fire Growth
Trends

Field-based and remote sensing scientists predom-

inantly define recovery pathways by their compo-

sition, including conifer self-replacement or state-

shifts (where composition shifts to different tree

species, shrubland, or grassland, Box 1, Figure 2).

Fewer studies describe pathways of density change

and/or temporal delay, likely because identifying

these pathways requires estimates of pre-fire com-

position and multiple observations post-fire. As a

result, pathways of structural change are seldom

identified, nor are measures of pre-fire conditions

incorporated in recovery models. Spectral data offer

a lens into both pre-fire conditions as well as post-

fire monitoring; however, the accuracy of spectral
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data for characterizing the pre-fire conditions and

post-fire trends is not well established.

Spectral data pre-dating fire could provide esti-

mates of pre-fire composition and structure. Field-

based studies often estimate pre-fire structure

based on post-fire observations, but high fire

severity results in less structure to measure (Harvey

and others 2013; Downing and others 2019; Turner

and others 2019). This means pre-fire spectral

observations are instrumental when the pre-forest

stand is completely consumed. Vanderhoof and

Hawbawker (2018) compared pre- and post-fire

growing season values of NDVI, and suggested that

areas with increases in the magnitude of change

between winter and summer NDVI may be areas

with an increased deciduous composition. Given

variability between spectral response and structural

estimates, assessing the accuracy of pre-fire spectral

observations to capture pre-fire metrics of forest

structure is also essential (Ireland and Petropoulos

2015; Wilson and others 2021; Celebrezze and

others 2024). Such research should also consider

which pre-fire measures to quantify: identifying

density changes requires pre- and post-fire density

estimates, but both pre-fire density and cone

abundance may impact conifer growth (Turner and

others 2019).

Time series of post-fire field observations are

rare. Thus, recovery pathways were predominantly

identified by studies that used spectral data. Our

review included two studies that initially labeled

slow rates of spectral recovery and later field vali-

dated high stem densities as locations of delayed

coniferous establishment (Menick and others 2024;

Figure 5. Relative importance of drivers with parameters normalized by model and model accuracy between - 1 and - 1.

Values of - 1 or 1 describe a driver with the largest effect size or greatest importance in a model that captures 100% of

variability, whereby negative values have a negative effect and positive values have a positive impact on the associated

conifer recovery metric. Driver groups are shown only when N > 3. (A) Diamonds and bars are the median and

interquartile ranges for spectral and stem-based models. (B) Boxes show interquartile ranges and median values for each

driver group across all approaches. Boxes are colored by driver Category (see legend at left).
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Smith-Tripp and others 2024a). However, neither

of these studies validated temporal trends with time

series from plots at the same location. Such vali-

dation is likely important, as research in other

ecozones suggests spectrally identified trends may

not coincide with those identified in the field. For

example, a study in the US Great Basin that aligned

spectral and field-based trends of post-fire recovery

found that spectral trends did not capture the field-

observed trend of post-fire exotic vegetation

encroachment (Barker and others 2019). As we

continue to rely on spectral data for post-fire

monitoring, it is important to investigate the

capacity for spectral and field-based trends to align.

These investigations should also consider the spa-

tial scale associated with trends—a region with

slow conifer establishment at the scale of a Landsat

(900 m2) pixel could encompass smaller field plots

with rapid conifer establishment. Additionally, a

spectral response validated as conifer growth at one

location may not apply to other regions or time

periods.

Effect of Recovery Drivers Varies
by Metric and Method

The frequency that a driver is tested and its associ-

ated impact on recovery varies by metric (stem

density vs. composition) and method (spectral vs.

field). Across all metrics, ecological drivers that de-

scribe moister conditions are associated with faster

recovery rates and higher conifer densities (Brull-

sauer and others 1996; Haire and McGarigal 2008;

Dodson and Root 2013; Malone and others 2018).

Comparatively, the relative impact of aspect differs

by method: stem densities are consistently lower on

southern aspects, but aspect often plays a neutral

role in spectral recovery. Finally, while post-fire

understory was the second most common driver in

the Fire Impacts category, none of the included

spectral studies tested the impact of this driver.

Spectral models highlight some ecological drivers

that are rarely considered by field-based studies. For

example, field-based studies highlight the negative

impact of post-fire drought on post-fire seedling

establishment (Davis and others 2019, 2023) and

stem densities after fire (Clark-Wolf and others

2022). However, spectral studies that consider both

post-fire moisture and temperature suggest that

post-fire temperature can have a larger impact on

recovery than moisture (Bright and others 2019;

Guz and others 2021). For example, Vanderhoof and

others (2021) found that the NDVI recovery rate for

the winter season, indicative of greater conifer

densities, was positively associated with cool sum-

mer temperatures, but observed no relationship

with summer aridity.

In some cases, the effect of an ecological driver

could result from different data sources among

spectral and field studies. Buma (2012) correlated

in-field stem density with thresholds of NDVI and

found that areas where NDVI corresponded to

high-stem density did not correlate with aspect.

Buma (2012) suggested that the influence of aspect

on coniferous recovery was muted because aspect is

used to convert atmospheric reflectance to surface

reflectance.

Standardizing Recovery Drivers Across
Spatial Scales

Spatial scale of measurement and analysis impacts

research outcomes for both recovery pathways and

associated ecological drivers. Spectral recovery

metrics are estimated at the pixel level, which in

the case of Landsat, represents a 900 square meter

area. This spatial unit is commensurate with

information requirements for forest management

and as such, has proven useful for large-area

assessments of post-disturbance recovery (White

and others 2017; White 2024). However, spectral

recovery can capture the influence of recovering

vegetation such as shrubs and grasses, in addition

to trees. As ecological drivers may impact different

vegetation in different ways, examination of the

association between spectral recovery and ecologi-

cal drivers must take this into account. It is likewise

critical to consider the spatial scale used to estimate

ecological drivers, as the scale at which a driver is

quantified could mediate its impact on recovery.

For example, cover immediately around a plot may

provide a microclimate conducive to seedling

establishment (Downing and others 2019), while

extensive shrub cover throughout an area may out-

compete coniferous growth (Laughlin and others

2023). Peeler and others (2020) demonstrated the

importance of scale; their research found that the

accuracy and effect of models varied by the spatial

extent used to quantify seed source. Specifically,

sub-alpine fir regeneration density was lowest

when the distance to the seed source was quanti-

fied within a 50–100 m radius of the field plot. The

importance of spatial scale may explain the variable

ecological drivers across studies. Consider shrub

cover, where some studies found post-fire shrub

cover had the greatest negative impact on post-fire

regeneration (Littlefield and others 2020), but

other studies found a positive effect (Downing and

others 2019; Boag and others 2020) or neutral ef-

fect (Andrus and others 2022). Leveraging spectral
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data to create spatially continuous estimates of

ecological drivers, future research could ask at what

spatial scale drivers like shrub cover shift from

being facilitative to competitive.

Pre-selection of ecological drivers, such as post-

fire drought, may obscure the impact of other dri-

vers. We found that droughting had the most

consistent negative association across all recovery

metrics, while post-fire moisture had the strongest

positive association. Post-fire drought is frequently

attributed to decreases in post-fire stem densities,

failed seedling establishment, and decreased rates

of spectral recovery (Rodman and others 2020;

Schapira and others 2021; Guz and others 2022;

Braziunas and others 2023). However, some stud-

ies that tested both temperature and moisture

found a greater impact of post-fire temperature

(Clark-Wolf and others 2022). Further, when

studies normalized precipitation to historical cli-

mate (that is, tested ‘‘wetting’’), the impact of

moisture was more variable. Thus, which drivers

are considered and how they are processed impact

the observed response within a recovery model.

This finding raises another critical question: Are

there consistent and standardized sets of ecological

drivers that should be incorporated into recovery

models? For example, a standard set of climate

variables, including climate anomalies, would im-

prove knowledge synthesis efforts and thus our

understanding of recovery.

Considering the Limitations of Selected
Studies

The methods we used to identify, select, and extract

data from studies include limitations that must be

considered in the context of our results. First, as we

focused on research in the first several decades,

recovery pathways identified in synthesis skewed

toward those identified by spectral studies. We

acknowledge the extensive research using longer

time series from dendrochronology or field-based

space-for-time to understand recovery pathways

(Johnson and Fryer 1989; Brullsauer and others

1996; Gendreau-Berthiaume and others 2018).

However, the value of spectral studies is their

capacity for post-fire monitoring amidst rapidly

changing ecological conditions. Yet, extracting and

synthesizing findings of spectral studies can be

challenging due to the diversity of approaches

prevalent in the literature.

Generalizing across studies of spectral monitoring

of recovery pathways is challenged by diversity in

metrics of conifer recovery. While the challenge to

define recovery is not isolated to remote sensing

(Baltzer and others 2021; Stevens-Rumann and

others 2022), the variability in definitions of

recovery complicates the already challenging pro-

cess of linking field observations to the spatial scale

of spectral responses (Frolking and others 2009a;

Bartels and others 2016). For example, Celebrezze

and others (2024) found that the spectral recovery

rate of grass was slower than that of shrubs and

conifers. But, across the western US, Vanderhoof

and others (2021) grouped grass and shrubs to-

gether and found this group’s spectral recovery to

be faster higher than that of conifers. The different

outcomes of spectral recovery rates among Van-

derhoof and others (2021) and Celebrezze and

others (2024) underscore that the definition of

recovery impacts study outcomes.

Beyond challenges associated with definitions of

recovery, spectral monitoring for recovery path-

ways is also challenged by the use of different

satellite source data, image compositing methods,

and definitions of growing season, which means

findings are not always generalizable. For example,

faster rates and/or greater amplitudes of spectral

recovery after fire are often linked to a dominance

of grass, forbs, or deciduous shrubs post-fire over

conifers (Mitchell and Yuan 2010; Vanderhoof and

Hawbaker 2018). Yet, this relationship is not uni-

versal. Additionally, different phenology (both

spatial and species-based) produces unique spectral

responses that can highlight conifer dominance,

but phenology differs regionally; peak conifer

spectral response for Colorado is in June (Buma

2012), whereas August was the peak spectral re-

sponse in Arizona and New Mexico (Crockett and

Hurteau 2024). Variability in spectral phenology, as

well as amplitudes and rates, could be the result of

forest region and type, but could also reflect vari-

ability in underlying data processing (Wilson and

others 2021; Crockett and Hurteau 2024). Slow

spectral recovery rates identified as grass by Cele-

brezze and others (2024) used mean growing sea-

son NDVI and NBR. However, in the dry Western

Cordillera, grass senesces in summer months,

which means NDVI and NBR drop after the grass

turns brown. This senescence causes a lower

growing season mean NDVI value compared to

shrubs, deciduous, and conifer trees (Walker and

Soulard 2019). Thus, in grassy areas, NDVI com-

piled from mosaics of mean brightness would have

lower rates of spectral recovery compared to mo-

saics compiled from maximum brightness values.

In addition to the limitations of spectral studies, a

large proportion of studies identified in our sys-

tematic review included linked datasets and were

ultimately excluded from later syntheses. For
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example, we included Stevens-Rumman and oth-

ers (2018), which combined data from more than

ten previously published studies, specifically

investigating the role of post-fire climate on post-

fire stem densities. Studies that combined datasets

could not test variables that were not measured at

all plots, namely, variables of post-fire understory

vegetation and soil composition. These understory

and plot-level variables had large effects within the

individual studies that we excluded from our

extraction (Rother and Veblen 2016, 2017). We

selected Stevens-Rumman and others (2018) as the

spatial extent of their study better complemented

the spatial scale of spectral studies. However,

including the published studies included in Ste-

vens-Rumman and others (2018) may have in-

creased the frequency of testing and relative

importance of other drivers, such as post-fire shrub

cover. Across all studies, these linked datasets fur-

ther underscore the need for a standard set of

ecological drivers in recovery models, including

post-fire understory, soil conditions, and a stan-

dardized set of post-fire climate variables.

Future Research Priorities: Key
Questions and Recommendations

Our recovery synthesis framed key questions for

future research. Addressing these questions will

help to improve our characterization of recovery

pathways and our understanding of ecological dri-

vers across scales. The following section first sum-

marizes questions and then introduces the

recommendations and data needs for future re-

search. We include summary tables of both ques-

tions and recommendations (Tables 2 and 3). We

believe that following these recommendations will

improve knowledge synthesis of recovery dynamics

across field and spectral disciplines.

Characterizing recovery pathways: Future research

that uses spectral data to characterize recovery

pathways must also determine how accurate both

pre- and post-fire forest structure estimates are

when derived from spectral data. Comparing stud-

ies of recovery is difficult because metrics are

inconsistent across both field and remote sensing-

based studies. Spectral studies often combine in-

field observation and spectral data to develop bin-

ary spectral thresholds for areas of ‘high’ and ‘low’

post-fire stem density—the magnitude of these

spectral responses will vary based on pre-processing

approaches and study area (Buma 2012; Kiel and

Turner 2022). Instead of classification, spectral data

could provide continuous estimates of forest

structure, such as pre-fire basal area (White and

others 2023) or post-fire canopy cover (Menick and

others 2024). Yet, are these pre-fire spectral esti-

mates of recovery metrics such as basal area or

overall productivity (Vanderhoof and Hawbaker

2018) accurate enough to characterize areas where

forest composition or structure change as a result of

fire? Secondarily, after a fire, are unique trends in

vegetation consistent between field and spectral

approaches? (Table 2). Synthesizing the outcomes

of studies that test these questions requires estab-

lishing more consistent pre-processing and com-

positing approaches across spectral studies.

Recommendations for characterizing recovery path-

ways: A first step for establishing spectral data to

estimate pre- and post-fire forest structure is the

use of consistent source satellite data such as the

Table 2. Key Outstanding Research Questions Associated with each Review Objective

Review objective Key outstanding research questions framed by review

Characterizing forest recovery

pathways

What pre-fire metrics are needed to characterize and comparer pre- and post-fire

conditions? What accuracy is sufficient for comparison?

Are pre-fire estimates of forest composition and structure sufficiently accurate to

characterize areas where forest composition and structure change as a result of fire?

Is there consistent alignment between field and spectrally observed trends of post-fire

vegetation development?

How do methodological inconsistencies in data processing influence the assessment of

recovery outcomes?

For spectral methods, how does the technique of pre-processing data, the selected

spectral index, and the method to identify trends influence recovery outcomes?

Quantifying ecological drivers of

forest recovery

How does spatial scale alter the association between recovery metrics and ecological

drivers?

What ecological drivers are important to consider in models of recovery across spatial

scales?

How can we standardize approaches to derive and report ecological drivers?

S. M. Smith-Tripp and others



analysis ready Landsat datasets (Dwyer and others

2018) or the more recent harmonized Landsat-

Sentinel dataset (Claverie and others 2018). These

sources correct for atmospheric and sensor effects

to produce surface reflectance that is required to

support analysis over space and time (Song and

Kim 2001). For estimating forest structure with

spectral data, data processing approaches should

highlight the spectral phenology response, includ-

ing time-series analyses based on the amplitude of

change between winter and summer spectral in-

dices (Vanderhoof and Hawbaker 2018; Menick

and others 2024; Shrestha and others 2024). For

estimating forest structure, we suggest leveraging

spatially complete structural estimates provided by

lidar data to circumvent often mismatching spatial

resolutions between field plots and spectral data

(Senf 2022). For example, Menick and others

(2024) used lidar data estimates across a large re-

gion of the US northwest to model temporal trends

in post-fire canopy cover, validating their model

with high resolution aerial imagery. In boreal for-

ests, airborne lidar has been used to characterize

post-fire recovery (Bolton and others 2015) and to

validate spectral models of recovery (White and

others 2018, 2022). As the spatial extent of lidar

data continues to expand, so do possible collabo-

rations to integrate historic opportunistic field

samples as ground verification of spectral trends

from one time (the original field sample) to the

next (the later lidar acquisition). While the accu-

racy of lidar-satellite imputed forest estimates can

vary (Hermosilla and others 2024), temporally and

spatially complete remote sensing data layers can

contextualize field observations. Further, repeat

lidar acquisitions can help bound the accuracy of

data layers (Montesano and others 2023). These

spatially and temporally continuous recovery

metrics can then be linked to ecological drivers,

which can operate at different spatial scales (Davis

and others 2020).

Quantifying ecological drivers: Fusing field and

spectral approaches helps bridge spatial and tem-

poral scales of both recovery pathways and eco-

logical drivers. Across all studies, we found that

landscape-level drivers such as post-fire weather

and anomalous climate conditions had the stron-

gest impact in recovery models. However, we did

not investigate whether the spatial scale of the

study impacted observed outcomes. Are measures

of post-fire climate the most important drivers

across scales? Or, are estimates of post-fire canopy

more important at a local level? An essential

question to address alongside these research ques-

tions is which drivers are important to consider in

models of recovery across scales? (Table 2). Finally,

as drivers such as climate anomalies will differ

based on the definitions of ‘‘normal’’ climate, these

investigations should also consider the best, or at

least consistent, methods of deriving ecological

drivers (Table 3).

Recommendations for quantifying ecological drivers:

Acknowledging the difficulty of questions around

ecological drivers, we recommend that future

Table 3. Considerations and Recommendations for Future Research to Enable Synthesis and Meta-Analysis

Component of Study Considerations and recommendations

Spectral data processing Methods to process spectral data must be consistent in data source (such

as analysis-ready datasets) and metrics measured

Measures of spectral change between summer and winter help capture

composition

Structural estimates based on models of lidar-satellite fusion help cap-

ture structure and facilitate upscaling field observations

Measuring ecological drivers Methods to assess post-fire conditions, such as canopy, understory, and

soil, must be standardized

Climate anomalies must be explicit in definitions of a ‘‘normal’’ climate

and climate extremes (e.g., heat events, drought)

Measurement accuracy should consider the impact of changing spatial

scale

Collaborations between field and remote sensing scientists will improve

understanding of ecological drivers across spatiotemporal scales

Study reporting Reporting of the method to measure recovery metric and drivers must be

consistent to enable synthesis

Model statistics, including accuracy and standard errors, must be explicit

to enable meta-analysis

Synthesizing Post-fire Conifer Recovery



investigations start with a driver with existing

standardization efforts across scales and methods.

One good example is soil burn severity. We found

that few studies, field or spectral, consider metrics

of soil burn severity, even though soil burn severity

mediates resprouting of post-fire shrubs and

deciduous trees (Pausas and Keeley 2017; Baltzer

and others 2021). Typical satellite-based estimates

of burn severity, such as dNBR or RdNBR, poorly

capture the spatial variability or depth of soil burn

severity (Kasischke and others 2008). The US cur-

rently attempts to standardize satellite-derived

severity using in-field observations. These attempts

improve burn severity map accuracy, but the

accuracy decreases as the distance from in-field

samples increases (Wilson and Prentice 2024). The

soil depth a wildfire burns to depends on the

weather during the fire event, slope, aspect, and

vegetation, which can all be estimated from remote

sensing datasets (Seydi and others 2024). Recent

efforts suggest that integrating information from

remote sensing datasets, such as topography and

surrounding vegetation, could improve the spatial

accuracy of soil burn severity mapping (Wilson and

Prentice 2024). As a first step to standardizing

ecological driver quantification, future work could

test how improved spatially continuous soil burn

severity maps alter conclusions across scales: local

to landscape and across methods: field or remote

sensing.

CONCLUSIONS

In this study, we highlighted the pathways of forest

recovery after fire in dry conifer forests and their

associated ecological drivers. We synthesized out-

comes from both field-based and spectral-based

assessments, with both forms of inquiry concluding

that self-replacement was the most commonly ob-

served pathway. Alternative pathways were pri-

marily related to changes in vegetation

composition. As the scale of fire disturbance has

increased, remote sensing methods are increasingly

used to identify recovery pathways. However, the

diversity in definitions of recovery and underlying

spectral responses means identifying these distinct

recovery pathways is difficult. Remote sensing can

also help inform on pre-fire conditions as well as

monitor temporal trends post-fire. Ultimately, for

remote sensing to bridge site-level observations to

the landscape level, spectral approaches must be

better standardized, and the accuracy of structural

forest estimates from spectral data must be better

quantified. Spatial and temporal variability in

recovery estimated from spectral data can identify

pathways at increasingly earlier time points across

large regions. Similarly, by incorporating spatially

continuous estimates that fuse spectral and field

observations, we may better understand how

underlying ecological drivers, such as shrub cover,

vary across scales. By synthesizing findings across

methods of spectral and field investigations of post-

fire dynamics, we can better predict and prepare for

ecosystem change after fire in western North

America, as well as in disturbed ecosystems glob-

ally.
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