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Abstract

Background Prescribed fire is an established means to reduce wildfire risk and accomplish silvicultural and cultural
objectives via controlled consumption of fuels. Terrestrial laser scanning (TLS) has been demonstrated as a sim-

ple and efficient means to quantify fuel and vegetation conditions in terms of three-dimensional forest structure

and occupied volume at the plot-scale; however, there is currently a lack of studies that explore a repeat time series
of TLS measurements for documenting fire treatment efficacy over time. We used a time-series approach to repeat-
edly scan 40 monitoring plots six times over a 4-year period (one pre-fire, one post-fire, and yearly scans over a 4-year
period) within a burn unit in the New Jersey Pine Barrens, USA. Our TLS analysis evaluates metrics to quantify first-
order effects on forest structure and subsequent structural changes and regrowth. Metrics include the percentage

of all returns that were not classified as ground, as well as a volume-based, occlusion-adjusted percentage of non-
occluded voxels with returns at the plot- and three strata-levels: canopy, tall shrub, and low shrub. We also made
comparisons to other commonly used burn severity assessment methods, including the visual field-based composite
burn index (CBI), as well as the Sentinel-2 Multispectral Instrument (MSI)-derived normalized difference vegetation
index (NDVI) and normalized burn ratio (NBR).

Results The TLS methods were most effective at characterizing changes in the low and tall shrub strata, which are
commonly targeted during prescribed fire treatment. Post-fire change metrics were generally correlated with ini-

tial metric values and initial change in metric values, especially in the low and tall shrub strata where all Pearson

and Spearman correlation coefficients were above 0.400 and as high as 0.955. We also document correlations

among the TLS-based metrics and the initial change and rate of post-fire change in NDVI and NBR and the field-

and visual-based composite burn index (CBI). Finally, we document that plot-level metrics can be aggregated to char-
acterize entire burn units.

Conclusions Multi-temporal TLS compliments NBR- and CBI-based assessment and improves the quantification
of prescribed fire efficacy for reducing the abundance of fuels in the low and tall shrub strata.
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Resumen

Antecedentes Las quemas prescriptas representan un método ya establecido para reducir el riesgo de incendios de
vegetacion y otros objetivos culturales a través del consumo controlado de los combustibles vegetales. El escaneo
terrestre con laser (TLS) ha demostrado ser un método simple y eficiente para cuantificar los combustibles vegetales
y sus condiciones de manera tridimensional en cuanto a estructura y el volumen ocupado a escala de parcela; sin
embargo. Existe hoy una falta de estudios que exploren de manera repetida En series de tiempo Las mediciones
mediante TLS para documentar la eficiencia de tratamientos en el tiempo. Usamos una aproximacion de series de
tiempo para escanear repetidamente 40 parcelas de monitoreo seis veces en un periodo de cuatro afios (una en el
pre fuego Una post fuego y escaneos anuales por un periodo de cuatro afios). Dentro de una unidad de quema en el
Pinar de Barren. En Nueva Jersey EEUU. Nuestro analisis de TLS evalud las métricas para cuantificar efectos de primer
orden sobre la estructura forestal y los subsecuentes cambios estructurales y el recrecimiento. Estas métricas incluyen
el porcentaje de todos los retornos que no fueron clasificados como suelo Como asi también una medida del volu-
men (i.e. voxeles Que representan una unidad de medida utilizada en la creacién de grdficos en 3D) Que tenian el porcen-
taje de oclusiones ajustadas para considerar sélo las oclusiones reales a nivel de parcelay de tres niveles de estratos:
los doseles Los arbustos altosy arbustos bajos. También hicimos comparaciones con otros métodos de determinacion
de severidad comunmente usadoslncluyendo el indice visual compuesto de campo (CBI)Como asf también del
Instrumento Espectral del Sentinel-2 (MSI) que deriva en el indice de diferencia normalizada de Vegetacion (NDVI) y la
relacién de relacion de quema normalizado (NBR).

Resultados Los métodos de TLS fueron los mas efectivos para caracterizar cambios en los estratos de arbustos altos
y bajos Los cuales son generalmente definidos como un objetivo a tratar durante una quema prescripta. Los cambios
en las métricas en el post fuego estuvieron generalmente correlacionadas con las valores iniciales de las métricasy
con los cambios iniciales de los valores de esas métricas Especialmente en los estratos altos y bajos de los arbustos
En los cuales los coeficientes de correlacion de Pearson y Spearman estuvieron por encima de 0,400 y tan altos como
0,955. También documentamos correlaciones entre las métricas basadas en TLS y los cambios iniciales y la tasa de
cambio en el post fuego por el NDVI'y NBR y en el indice visual compuesto de campo (CBI). Finalmente Documenta-
mos que las métricas a nivel de parcelas pueden agregarse para caracterizar unidades de quema completas.

Conclusiones El método multi-temporal TLS complementa las determinaciones basadas mediante el uso de NBRy
CBl'y mejora la cuantificacion de la eficacia de las quemas prescriptas para reducir la abundancia de combustibles en
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el estrato de arbustos Tanto bajos como altos

Introduction

Prescribed fire treatments can be an effective means to
reduce fire risk and accomplish silvicultural and cul-
tural objectives via the controlled consumption of fuel
(McCaw et al. 1996; Arkle et al. 2012; Kobziar et al. 2015;
Scherer et al. 2016; Hiers et al. 2020); however, inconsist-
ent or inadequate documentation of treatment efficacy
on most landscapes has historically limited the ability to
evaluate objectives, let alone adapt management deci-
sions such as when to re-apply fire (Williams et al. 2024).
Documenting the efficacy of prescribed fire treatments
is often conducted using pre- and post-fire, field-based
assessments at the plot-scale to estimate fuel character-
istics and associated change (Lutes et al. 2006). Collect-
ing field-based data within plots before and after a fire
provides a means for land managers to characterize the
amount of fuel removed. Repeat collection over time,
such as once a year, can be used to characterize the rate
and amount of fuel accumulation and can inform when

another prescribed burn should be administered. Field-
based methods often provide no information about lad-
der (e.g., shrubs or midstory vegetation) or canopy fuels,
the quantities of which are necessary to fully characterize
fire hazards and parameterize models capable of simu-
lating prescribed fire behavior (Riccardi et al. 2007; Linn
et al. 2020; Tutland et al. 2025).

As one example of a common method to characterize
post-fire landscape conditions, the composite burn index
(CBI) (Key and Benson 1999a, b) makes use of visual
assessments to characterize the severity of a prescribed
or wildfire for different forest strata: substrate, litter, and
duff; herbaceous vegetation and low shrubs; tall shrubs
and small trees; and overstory trees. Factors considered
include the amount of litter or duff consumed, amount
of subcanopy fuel consumed, crown scorch, foliage con-
sumption, height of bole char, and overstory mortality. For
each stratum, a score between 0 and 3 is assigned where 0
indicates no change post-fire, or unburned, and 3 indicates
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high severity (e.g., complete consumption or mortality in
the stratum). The stratum-level CBIs can then be averaged
to obtain a total CBI (Key and Benson 1999b).

Methods for characterizing post-fire conditions have
also been developed that rely on multispectral remotely
sensed data (Key and Benson 1999a; Lewis et al. 2006;
Lutes et al. 2006). For example, the difference normal-
ized burn ratio (ANBR) (Key and Benson 1999a, b) uses
surface reflectance data, such as those provided by the
Landsat sensors or the Sentinel-2 Multispectral Instru-
ment (MSI), to characterize burn severity and differen-
tiate burned areas from unburned forests or vegetation.
This index is often calibrated relative to ground-based
methods, such as CBI (Miller et al. 2009). In contrast
to photosynthetically active vegetation, burned areas
are characterized by higher shortwave infrared (SWIR)
reflectance in comparison to near infrared (NIR) reflec-
tance. Also, fire may increase the SWIR reflectance of
the underlying soil, and reduced vegetation cover may
increase the impact of soil characteristics on the result-
ing SWIR spectral measurement at the pixel location.
The presence of ash and char may also increase SWIR
spectral reflectance (Key and Benson 1999a, b). Despite
providing data about the entire forest profile, fire effects
cannot be separated by the vertical stratum in which they
occurred. Expanding upon studies using a pre- and post-
fire image pair to calculate dNBR, several prior studies
have explored change over time using a time series of
spectral measurements (e.g., Veraverbeke et al. 2010; Fra-
zier et al. 2018; Bright et al. 2019)). As vegetation recov-
ers and fuel materials accumulate in the subcanopy, it is
expected that the NBR will increase. Other studies have
used a normalized difference vegetation index (NDVI)
(Eq. 3) (Rouse et al. 1973), a time series of NDVI meas-
urements, or change in NDVI (dANDVI) to characterize
vegetation changes after a fire (e.g., Goetz et al. 2006;
Hope et al. 2007; Gitas et al. 2012; Veraverbeke et al.
2012)). Since NBR and NDVI provide different but com-
plimentary information, a time series of both of these
indices are explored in this study.
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or complimentary means to characterize forest struc-
ture, fuel conditions, and post-fire change (Andersen
et al. 2005; Loudermilk et al. 2007; Akay et al. 2009;
Gajardo et al. 2013; Skowronski et al. 2014; Inan et al.
2017; Calders et al. 2020; Wallace et al. 2022; Murphy
et al. 2024). Airborne laser scanning (ALS) methods for
assessing wall-to-wall fuel conditions and treatment
impacts have been available for more than two decades.
Unfortunately, the economics of ALS cause the spati-
otemporal scale of ALS collections to be considerably
larger and longer than the spatiotemporal scale of for-
est treatment and evaluation, making ALS an imprac-
tical tool for treatment effects monitoring. Further,
when forest overstory is present, canopy occlusion can
hinder characterization of midstory or surface fuels,
which are of primary concern for fuel hazard and fuel
reduction treatments. Terrestrial laser scanning (TLS)
only matured as a management-scale fuels monitoring
approach within the past decade (Grau et al. 2017; Don-
ager et al. 2019; Wallace et al. 2022; Murphy et al. 2024).
Both ALS and TLS platforms add significant value to
the characterization of fuels because of their depic-
tion of vertical forest structure, which contrasts with
the spectral reflectance and ocular estimates described
above (Skowronski et al. 2020; Gallagher et al. 2021). In
particular, TLS-based approaches have gained recent
attention as cost effective, manager-friendly means of
providing monitoring data at local-landscape scales
with greater accuracy, detail, and speed than traditional
field-based approaches (Murphy et al. 2024; Tenny et al.
2025; Tutland et al. 2025).

In this study, we focus on the analysis of a time series
of measurements from repeated TLS scans to charac-
terize prescribed fire efficacy at the plot- and burn-unit
scales. We make use of a pre-burn scan, post-burn scan,
and repeat scans for four subsequent years to character-
ize vegetation regrowth or fuel accumulation over time.
Based on a review of existing literature and to the best
of our knowledge, this is the first study that attempts
to characterize long-term fuel trends using TLS, as
opposed to relying on a single pair of pre- and post-fire

Normalized burn ratio (NBR) = NIR — SWIR (1) scans. We aim to explore these data for documenting
NIR + SWIR and monitoring prescribed fire efficacy and fuel char-
Difference normalized burn ratio (ANBR) = NBRpre_fire — NBRpost—fire (2)

Normalized difference vegetation index (NDVI) =

NIR — Red (3)
NIR + Red

Airborne and terrestrial light detection and rang-
ing (lidar) techniques have emerged as an alternative

acteristics, as well as to make comparisons to other
commonly used burn severity assessment methods,
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including CBI and Sentinel-2 MSI-derived NBR/dNBR
and NDVI/ANDVI data. This is a continuation and
expansion of our prior study, Gallagher et al. (2021),
in which we compared plot-level, TLS-derived metrics
with CBI using a single pair of pre-fire and post-fire
scans. The analysis of time series data presented here
allows for documenting vegetation regrowth and fuel
structure modification over a 4-year period. We argue
that this is of practical value since this is the time frame
commonly considered by land managers when deter-
mining when to re-apply prescribed fire treatment in
the landscape in question: the Pine Barrens within the
state of New Jersey, USA.

Background

The prediction or characterization of a variety of sub-
canopy attributes have been explored using TLS data,
including fuel depths by stratum (Rowell et al. 2016), fuel
loadings (Alonso-Rego et al. 2021; Luciano et al. 2025),
average shrub heights (Alonso-Rego et al. 2020; Maxwell
et al. 2023), occupied volume (Rowell et al. 2020), shrub
fuel bulk density (Hudak et al. 2020), and near-surface
and intermediate canopy heights (Hillman et al. 2021).
TLS data collection methods and associated field sam-
pling protocols have been developed (Pokswinski et al.
2021) and implemented by the Interagency Ecosystem
LiDAR Monitoring (IntELiMon) program in the USA
(https://dmsdata.cr.usgs.gov/lidar-monitoring/viewer/).
To enhance practicality, there has generally been an
interest in collecting data using affordable TLS units and
single-position scans per field plot. This reduces field
collection time, post-processing requirements, and the
need to perform coregistration, which is often difficult in
forested settings due to the complex point cloud struc-
ture, movement of vegetation between scans due to wind,
and lack of reference surfaces (Pokswinski et al. 2021).
Further, prior studies, including Bester et al. (2023) and
Tenny et al. (2025), document that merging data from
multiple scan positions does not generally improve plot-
scale characterization.

In order to estimate parameters of interest from TLS-
derived metrics, it is common to collect associated field
data, with measurement approaches, such as Brown’s
transects or destructive harvesting of material, and use
linear or machine learning regression to estimate the
variable of interest using predictor variables derived
from the TLS data. These TLS-derived predictor vari-
ables are often metrics that characterize point density,
distribution, or vertical structure. It is also often nec-
essary to make use of allometric equations to estimate
quantities of interest, such as biomass or bulk density,
from field measurements. Following this analysis of
field and TLS data from a single date, researchers have
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often calculated the change in metrics using pre- and
post-fire scans (Loudermilk et al. 2007, 2009; Pokswin-
ski et al. 2021; Luciano et al. 2025). In short, it is impor-
tant to note that adopting TLS-based methods does not
remove the need for collecting ground measurements
since they are required to build relationships between
TLS-derived point cloud metrics and measurements
of interest. However, once a relationship is established
within a specific landscape, it could be used to estimate
quantities of interest at locations where only TLS data
are available if consistent data collection protocols are
used.

Despite issues of indirect measurement of attrib-
utes of interest and occlusion, TLS data have been
documented to correlate with forest structure, fuel
characteristics, and fire severity (Alonso-Rego et al.
2020, 2021; Rowell et al. 2020; Loudermilk et al. 2023).
Alonso-Rego et al. (2020) documented the value of sin-
gle-position TLS for estimating plot-level mean shrub
height and shrub cover (Alonso-Rego et al. 2020) while
Alonso-Rego et al. (2021) noted its value for estimat-
ing plot-level understory fuel depth and load within
pine stands (Alonso-Rego et al. 2021). Loudermilk et al.
(2023) used single-position TLS and clip plot-based
field measurements and obtained R? values between
0.61 and 0.74 for estimating understory fuel biomass
and consumption in the southeastern USA. TLS meas-
urements have also been documented to correlate with
the visual-based CBI. For example, Gallagher et al
(2021) explored the prediction of stratum-level and
total CBI using single-position TLS and integrated
RGB camera-derived metrics where the strongest rela-
tionships were generally observed for total, tree, and
shrub CBI. The researchers noted that there is a need
to develop TLS-based means to calibrate satellite-based
burn severity measurements as an alternative to CBI
(Gallagher et al. 2021).

Despite successes of TLS-based methods, there is
generally a lack of studies that make use of a time series
of TLS measurements as opposed to a single pre- or
post-fire scan or a pre- and post-fire scan pair. Our
review of the literature found no studies focused on
multi-temporal analysis of TLS data at the plot-scale
and in the context of fuel characterization and/or docu-
mentation of prescribed fire efficacy. Managers suggest
wide variation in the intervals of fire treatments neces-
sary to accomplish fuel management and silvicultural
objectives (e.g.,>3-16 years (Peterson and Reich 2001;
Warner et al. 2020); 1-14 years (Clark et al. 2015); or
1-4 years (White et al. 1991; Burton et al. 2011)). Given
these uncertain and context-specific timeframes, we
argue that TLS-based estimates of vegetation reduc-
tion and subsequent re-accumulation could guide
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management strategy by quantifying treatment efficacy,
identifying a fire-return interval for prescribed fire, and
helping optimize investments in fuel management.

Methods
Study area and data
The fire-prone Pinelands National Reserve (PNR) land-
scape is in the state of New Jersey, USA. This area is char-
acterized by low relief and sandy, nutrient poor, acidic
soils derived from sedimentary units rich in quartz sand
and gravel. The specific burn unit (Fig. 1) is within Burl-
ington County and the Wharton State Forest. The can-
opy is dominated by pitch pine (Pinus rigida Mill.) with
infrequent post oaks (Quercus stellate Wangenh.) The
midstory primarily consists of blackjack oak (Quercus
marilandica Muenchh.), pitch pine, and post oak while
the understory includes ericaceous shrubs (predomi-
nantly Vaccinium and Gaylussacia species), laurels
(Kalmia latifolia L. and angustifolia Kalm.), and shrub
oaks (Quercus marilandica Muenchh. and ilicifolia Wan-
genh.) (Lutz 1934; McCormick 1979; Givnish 1981; Ledig
et al. 2013; Gallagher 2017). Prior to burning, shrubs
covered<90% of the majority of the plots. Prescribed
fire treatment was applied in March of 2021 with the last
prior burn, a wildfire, occurring in June of 1939. In other
74°29'W
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words, it had experienced fire exclusion for over 80 years
prior to the treatment associated with this study. An
example image of the site is provided in the supplemen-
tal materials as S18 while aggregated tree data by plot are
provided as S19.

We collected TLS and field-based CBI data at 40 plot
locations within the burn unit. We randomly selected
plots with the stipulation that they were at least 400 m
apart and 100 m from roads. Using a BLK360 G1 or G2
TLS unit (Leica Geosystems, Heerbrugg, Switzerland),
we collected pre-burn scans between 25 February and
3 March 2021. The sensor was mounted at 2 m above
ground level and surrounding vegetation was at least
1 m from the sensor. Following the prescribed fire treat-
ment on 6 March 2021, we collected post-burn TLS scans
between 15 and 22 March 2021 and CBI data within the
10 m plot radius between 22 and 26 March 2021 using
the methods outlined by the Fire Effects Monitoring and
Inventory (FIREMON) system (Lutes et al. 2006) that is
focused on the chemical and physical changes resulting
from combustion (Gallagher et al. 2021). The ability to
characterize understory vegetation was limited during
the winter sampling period. For this study, we make use
of the shrub, overstory, and total CBI estimates. Follow-
ing the initial pre- and post-fire TLS data collections,

74°27'30"W 76°W

75°W 74°W

39°43'30"N

41°N 42°N

40°N

39°N

38°N

74°27'30"W

74°W

O Sample locations

Fig. 1 Burn unit within the Wharton State Forest, Burlington County New Jersey, USA. Points represent TLS plot locations. Base imagery
was collected by the Sentinel-2 Multispectral Instrument (MSI) sensor on 5 April 2021 and represents post-fire conditions. Red channel=shortwave
infrared 2 (SWIR2), green channel=near infrared (NIR), and blue channel=green
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we collected TLS data during the winters of 2022, 2023,
2024, and 2025, resulting in 5 post-fire scans at all 40
plot locations. We only conducted the CBI assessment
after the initial fire. March is the dormant season in New
Jersey and only evergreens hold leaves. Pitch pines, the
dominant constituent of the overstory and mid-story,
carry two cohorts of needles during the growing season,
but only one between their leaf out in June and senes-
cence around October. Nearly all understory vegetation
in the shrub and herbaceous layers is without leaves at
this time of year. Occurrences of evergreen sheep laurel
(Kalmia angustifolium), mountain laurel (Kalmia latifo-
lia), and inkberry holly or gallberry (llex glabra) in the
understory were infrequent.

We also made use of Sentinel-2 MSI data to calculate
the NBR, dNBR, NDVI, and dNDVI at a 20 m spatial res-
olution. A 20 m spatial resolution was used as opposed
to a 10 m resolution to more closely align with the size
of the field plots and to match the resolution of the
SWIR band. The red and NIR channels were coarsened
to a 20 m spatial resolution using pixel aggregation and
the median cell value calculated from the four cells fall-
ing within the new, larger cell. Image dates are in Table 1.
The pre-fire image was collected on 3 March 2021, 3 days
before the prescribed fire treatment, while the post-fire
image was collected on 5 April 2021. We selected images
from the month of April for all subsequent post-fire data

Table 1 Dates of Sentinel-2 MSI data used to calculate NBR and

dNBR

Image Date

Pre-fire 3 March 2021
Post-fire 5 April 2021
Post-fire+1 15 April 2022
Post-fire +2 10 April 2023
Post-fire+3 16 April 2024
Post-fire +4 9 April 2025
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to minimize differences in phenology and illumination.
We used Level-2A analysis ready data (ARD) products,
which represent estimated surface reflectance and have
had atmospheric correction applied.

TLS processing

Using the lidR package (Roussel et al. 2020) in the R
language (R Core Team 2025), we separately processed
each repeat TLS collection: a total of 240 scans. We per-
formed ground classification and subsequent digital ter-
rain model (DTM) calculation using a 15-m radius to
circumvent edge effects in the 10-m radial plots. In order
to differentiate ground and non-ground returns, we used
the cloth simulation function method (Zhang et al. 2016).
Conceptually, this method models the ground surface as
a rigid cloth draped over an inverted point cloud, with
points classified as ground returns if they intersect this
surface, which has a user-specified level of rigidness (set-
tings used in this study: class threshold=0.1; cloth reso-
lution=0.1 m; rigidness=2; time step=0.65, maximum
number of iterations=500). After ground classification,
we normalized the point cloud relative to the ground
surface using the classified ground returns and a digital
terrain model created at a 0.1 m spatial resolution using
a k-nearest neighbor approach with 6 neighbors and
inverse distance weighting (IDW)-based weighted aver-
aging. Lastly, we applied a noise filter using the isolated
voxels filter (IVF) method with a voxel size of 0.5 m and a
maximum of 7 points.

For calculated summary metrics (Table 2), we only con-
sidered points that fell within a ring with an inner radius
of 1.7 m and an outer radius of 10 m centered on the
scanner location. The number of points within this ring
subset varied from 3,252,850 to 5,021,238 with a mean
of 4,172,133 and a median of 4,199,149 for the 240 scans
analyzed in this study. The 1.7-m inner ring supported
comparable summary metrics from the different scanning
patterns of the Leica BLK360 G1 and G2 models used in

Table 2 Summary metrics derived from the single-position TLS measurement data for each of the six scans in the time series at all 40
plot locations. All measurements were calculated within a ring with an inner radius of 1.7 m and an outer radius of 10 m centered on

the TLS sensor

Summary metric

Abbreviation Description

Percent of not ground returns in plot radius ~ pNG

pNOV
Total

Percent of non-occluded voxels with returns
(>=03&<20m)

Percent of non-occluded voxels with returns
(>=5m); canopy

Percent of non-occluded voxels with returns  pNOV
(>=28&<5 m); tall shrub Tall Shrub shrub layer)
Percent of non-occluded voxels with returns  pNOV
(>=0.3 &<2 m); low shrub Low Shrub shrub layer)

Percent of all returns that were not classified as ground returns

Percent of non-occluded voxels between 0.3 m and 20 m with associated returns; esti-
mate of the percentage of measured volume that was occupied by vegetation

pNOV Canopy Same as pNOV Total but only considering voxels within the >5 m and < 20 m height bin
(canopy layer)

Same as pNOV Total but only considering voxels in the > =2 and <5 m height bin (tall

Same as pNOV Total but only considering voxels in the > =0.3 and <2 m height bin (low
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our study. We tested the metric calculation workflow at
another site where G1 and G2 scans were collected at
the same location and on the same date and found that
metric values were in close agreement, generally within
a few percentage points. Thus, we argue that our work-
flow supports the comparison of data collected using the
G1 and G2 models of the scanner when summary metrics
are conducted at the plot scale. However, further study is
necessary to explore how differences in sensor scanning
patterns may impact other analyses, especially when cal-
culating metrics for individual trees or voxels.

The first summary metric, pNG, is the percentage of
returns not classified as ground measurements. As the
amount of vegetation in the plot increases, the percentage
of returns not classified as ground should also increase.
Note that we did not incorporate any normalization to
adjust for differences in return density with distance from
the sensor. To characterize vegetation abundance overall
or by height strata, the percentage of all returns or the
count of returns per strata could be used; however, this
does not take into account occlusion (Bester et al. 2023).
As a result, we used alternative measures that adjust for
occlusion, which were adapted from those originally
reported in Bester et al. (2023). All occlusion-adjusted
metrics were calculated using the full point cloud prior
to any clipping, noise removal, ground classification, or
ground normalization. Specifically, we considered the
percentage of non-occluded voxels with returns within
the 1.7 to 10 m ring and between heights of 0.3 to 20 m
above the ground surface (pNOV Total) and for the 0.3 to
2 m (pNOV Low Shrub), 2 m to 5 m (pNOV Tall Shrub),

(A)

f)’

©)
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and 5 m to 20 m (pNOV Canopy) height bins. We used
a minimum value of 0.3 m to avoid errors or uncertainty
associated with ground return classification and used a
maximum height of 20 m since this was tall enough to
capture all trees in the plots. Essentially, these measures
offer an estimate of the percentage of the measured vol-
ume that is occupied, thereby enabling differentiation of
true gaps from occlusion.

We used a multi-step process to estimate occupied
volumes, true gaps, and areas of occlusion (Fig. 2). It is
important to note that, since the transmission angles of
all pulses with no associated returns were not recorded
as part of the point cloud, this method served as a means
to estimate these volumes since they could not be directly
obtained from the available data. First, we converted
the Cartesian coordinates to spherical coordinates with
the center of the sphere aligned to the TLS sensor posi-
tion (Fig. 2a). We then partitioned the extent of interest
into spherical voxels covering a range of radial distances
(r) and angles in the theta (6) (azimuthal angle in the x
y-plane) and phi (¢) (zenith angle) orientations using a
step size of 0.5° in the 8 and ¢ directions and a step size
of 0.5 m for r (Fig. 2b). Since the sensor does not record
pulses with no associated returns, we estimated the 6 and
¢ transmission angles of these pulses, or those recorded
with coordinates of [0,0,0] in the point cloud data, using
a nearest neighbor-based method. A grid of regularly
spaced point coordinates relative to the provided step
angles of 6 and ¢ was generated and projected onto the
surface of a sphere. The actual point measurements were
also projected onto the surface of the sphere, and any

(B)

Measured Occluded

v

6/p

EJ True Gap ]:] Occupied ]:] Not Measured

Fig. 2 Conceptualization of methods used to estimate occupied, occluded, and true gap voxels
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point in the synthetic dataset that was greater than the
provided step angles from any point in the actual point
cloud was added to the point cloud. We next estimated
the number of total pulses passing through a sequence
of spherical voxels covering the same angles of 8 and ¢
(Fig. 2c). Once all pulses were returned along the path,
we coded all subsequent voxels as occluded. We then
interpolated back to a Cartesian coordinate space and
from spherical to cubic voxels with a size of 0.25 m in all
three dimensions to generate summary metrics for the
entire plot and for the height bins of interest. Although
other summary metrics can be generated, as noted above,
in this study we relied on estimates of the percentage of
non-occluded voxels with returns.

Once we obtained summary metrics for each scan in
the time series, we then generated a set of aggregated
metrics for all 40 plots, which are listed and described
in Table 3. The pre-fire metric value is derived from the
TLS data collected before the prescribed fire treatment
(Metricpre) while the initial change is the difference
between the pre-fire metric value and its first remeas-
urement post-fire (Metricpe — Metricpost). The post-
fire change is the difference in the metric value between
the last scan (Metricp,y,,) and the first post-fire scan
(Metricp,). The rate of post-fire change is the slope term
(B,) for a linear model in which the series of five post-fire
metrics serve as the y variable and the series [0,1,2,3,4]
serves as the x variable. Assuming a linear trend, the
post-fire change metric represents the change in the
metric value per year. Lastly, we calculated the final dif-
ference between the pre-fire scan (Metricpre) and the
last post-fire scan (Metricp,,,4). This metric is meant to
characterize how post-fire conditions compare to pre-fire
conditions after 4 years of fire exclusion.

In order to compare the correlation between measures,
we make use of the Pearson correlation coefficient (r)
(Pearson 1895), a measure of linear correlation, and the
Spearman correlation coefficient (p) (Spearman 1987), a
measure of monotonic correlation based on ranks. We
use the associated ¢-tests to note whether the correlations
are statistically significant at the 95% confidence interval
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(p-value=0.05). We also compared the distribution of
metric values between the pre-fire data and all post-fire
collections to assess whether the metric was statisti-
cally different between the two dates using the Friedman
test (Friedman 1937) followed by a pairwise Wilcoxon
signed-rank test (Wilcoxon 1945) where repeat measures
by site were treated as pairs. The goal of this analysis was
to quantify whether the metrics had returned to pre-fire
values by the year of interest, which would suggest recov-
ery and offer evidence for the need to re-administer fire
treatment.

Results

Site-level time series

Figure 3 shows the time series of pNG measurements at
each plot location. The time series for the pNOV met-
rics are provided in the supplemental materials (S1). All
plots showed reductions in pNG between the pre-fire
(Pre) and first post-fire (Post) scans; however, the reduc-
tion in this metric varied. The plots in Fig. 3 have been
ordered in ascending order relative to the magnitude of
initial change. The amount of reduction (pNGp,.—pNG-
post) Varied from 6.8% (WG54) to 49.9% (WG24) with 24
plots showing a reduction greater than 25%. Similar pat-
terns occurred on a plot-by-plot basis for the occlusion-
adjusted metrics (S1); generally, the most pronounced
changes were in the low shrub (pNOV Low Shrub) and
tall shrub (pNOV Tall Shrub) height bins as opposed
to the canopy height bin (pNOV Canopy). This is as
expected since the prescribed fire treatment targeted the
subcanopy fuels and canopy consumption and mortality
was limited.

Following the initial change in the metrics, the gen-
eral trend was recovery over the four-year period. How-
ever, similar to the initial change, the amount and rate of
recovery varied by site. For pNG, the difference between
Post and Post+4 (pNGyp, 4,—PNGp,) varied from 2.1%
(WG54) to 39.1% (WG24) and the difference between
Pre and Post+4 (pPNGyp,,—pNGp,g4) varied from —0.5%
(WG141) to 17.2% (WG139). As with initial change, for
the pNOV metrics the low and tall shrub strata generally

Table 3 Metrics derived from the time series of five measurements at each plot location

Time series Description
metric
Pre-fire metric Metricpre

Initial change
Post-fire change
Post-fire rate of change

Final difference

Metricpre — Metricpost
Metricpost+4 — Metricpost

Slope(B1)for linear equation fit to:
x=1[01,234]
y = [Metricpost, Metricpost+1, MetriCpost+2, Metricpost+3, Metricpost+4]

Metricpre — MetriCpost+4
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Fig. 4 Comparison of the distribution of percentage of returns from within the plot radius that were not classified as ground across 40 measured
plots for all six time periods. * for post-fire collection dates indicate statistical significance at the 95% confidence interval in comparison
to the pre-fire metrics. Outliers are defined as high values greater than 1.5 interquartile range (IQR) from the 3rd quartile and low values more

than 1.5 IQR from the 1 st quartile. Red points represent group means

showed the greatest differences between Post and
Post+4 and Pre and Post+ 4, suggesting more accumula-
tion of materials in the subcanopy during the 4-year post-
fire period in comparison to the canopy.

Some sites reached pre-fire or near pre-fire metric val-
ues by Post +4. However, it was more common to observe
lower metric values at the end of the four-year, post-fire
observation period. Several sites, especially those with
lower initial change values, experienced decreases in
metric values for several years. This illustrates the value
of longer-term monitoring and the potential to under-
estimate treatment effectiveness when monitoring is
only conducted immediately post-burn. More analysis
would be needed to determine if this can be attributed to
delayed mortality.

Aggregated time series

As expected, TLS metrics declined post-fire and then
recovered, as observed with the percent of returns within
the plot radius not classified as ground (pNG, Fig. 4)
or with the occlusion-adjusted metrics (pNOV, Fig. 5).

Change was most evident for pNG and pNOV Low
Shrub. This was as expected since the subcanopy fuels
were the target of the treatment. Based on the observed
recovery of the mean values of several metrics (e.g. pNG,
pNOV Tall Shrub, and pNOV Low Shrub), the results
suggest that, collectively, the site had not returned to pre-
fire conditions by the end of the four-year monitoring
period.

Since prescribed fire treatment decisions are com-
monly made at the stand- or burn unit-level, we argue
that aggregated and repeat measures are valuable for
land managers needing to document the efficacy of the
treatment or to determine when to re-administer treat-
ment. Table 4 provides estimates of the time required to
reach pre-fire conditions for each metric using a linear
equation fitted to the time series of post-fire mean met-
ric values. Assuming a linear recovery pattern, the results
suggest that pre-fire conditions in the targeted subcan-
opy, the low shrub and tall shrub layers, will take 9 to
10 years to recover to pre-fire metric values.
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Correlations of pre-fire and post-fire metrics

Table 5 provides correlation metrics for comparing the
pre-fire metric values to the change metrics. The scatter-
plots associated with the correlation metrics in Table 5
have been provided in the supplemental materials (S2
through S5). For initial change following treatment,
the strongest relationship was observed for pNOV Tall

Shrub followed by pNG and pNOV Low Shrub. For the
final difference in the metric value (i.e., at the end of the
study), post-fire change, and post-fire rate of change, the
strongest relationships with the pre-fire metric value
were all for pNOV Tall Shrub. For all comparisons, sta-
tistical significance was noted for both r and p at the 95%
confidence interval for the pre-fire metric value and all

Table 4 Mean metric for the pre-fire scans, linear regression equation fitted tox = [0,1,2.3,41and y = [Metricpyg, Metricposti 1 Metricpogt 1.2, Metricpgst 4 3, Metricpogyy 41
using the mean metric values, and estimate of time to recovery to pre-fire metric values using the estimated equation. t=time in years

Measure Pre-fire mean Equation Estimated
time to pre-
fire metric
value (years)

pNG 78.2% 5.380t+49.2 54

pNOV Total 6.2% 0.203t+4.1 10.3

pNOV Canopy 5.5% 0.072t+4.1 194

pNOV Tall Shrub 6.2% 0.258t+3.8 93

pNOV Low Shrub 17.3% 1.202t+59 9.5

NDVI 0.368 0.040t+0.2 4.2

NBR 0.273 0.059t - 0.01 4.8
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Table 5 Correlation between pre-fire metric value and post-fire metric for all 5 measurements. Bold indicates statistical significance
(p-value <0.05). First value is the Pearson correlation coefficient (r) and the second value is the Spearman correlation coefficient (o). The

associated scatterplots are provided in the supplemental materials

Pre-fire metric Initial change

Final difference

Post-fire change Post-fire rate of change

pNG 0.558/0.532 0.441/0.413
pNOV 0.237/0.324 0.322/0.362
pNOV Canopy 0.106/0.119 0.097/0.112

pNOV Tall Shrub 0.955/0.847 0.657/0.787
pNOV Low Shrub 0.546/0.522 0.473/0.421

0.447/0.422 0.496/0.456
0.054/0.121 0.071/0.128

0.034/-0.200 0.089/-0.096
0.747/0.569 0.751/0.563
0.446/0.446 0.449/0.452

Table 6 Correlation between initial metric change and all other
post-fire metrics for all 5 measurements. Bold indicates statistical
significance (p-value < 0.05). First value is the Pearson correlation
coefficient (r) and the second value is the Spearman correlation
coefficient (p). The associated scatterplots are provided in the
supplemental materials

Initial change Final Post-fire change Post-fire rate of
metric difference change

pNG 0.659/0.672 0.922/0.921 0.909/0.917
pNOV 0.954/0.942 0.877/0.856 0.877/0.859
pNOV Canopy 0.958/0.918 0.353/0.393 0.309/0.330
pNOV Tall Shrub ~ 0.698/0.560 0.769/0.793 0.771/0.793
pNOV Low Shrub  0.674/0.680 0.920/0.911 0.912/0.898

post-fire change metrics for pNG, pNOV Tall Shrub, and
pNOV Low Shrub. Other than for the final difference
metric, correlations were not statistically significant for
pNOV and pNOV Canopy.

Post-fire patterns, as characterized with the TLS-based
metrics, were generally correlated with the pre-fire con-
ditions. Correlations were generally strongest for the Tall
Shrub followed by the Low Shrub strata. We attribute

this to the higher magnitude of change in the subcanopy
since this was the target of the treatment. In contrast,
correlation between pre-fire and post-fire metric summa-
ries were generally weaker for the canopy since change in
the volume of fuel material was less pronounced. Non-
stratum specific metrics, pNG and pRNO Total, also gen-
erally showed weaker correlations in comparison to the
subcanopy metrics, which we attribute to the integration
of information across the subcanopy and canopy. This
highlights the value of characterizing change at the stra-
tum-level and especially for the stratum/strata targeted
by the treatment.

Correlations of initial change and other post-fire metrics

Table 6 provides the correlation measures between the
initial change in metric value and all other post-fire
change metrics. The associated scatterplots have been
provided in the supplemental materials as S6 through S8.
Correlations between the initial metric change value and
all other post-fire change metrics were generally higher
than those between the pre-fire metric value and post-
fire change metrics. All correlations were statistically sig-
nificant. The initial change and final difference metrics
were strongly correlated for all three strata (Low Shrub,

o

Fig. 6 NBRand dNBR results. a NBR calculated from pre-fire image. b NBR calculated from post-fire image. ¢ dNBR



Maxwell et al. Fire Ecology (2026) 22:91

Page 13 of 19

0.40

0.20 1

Index

0.00 -

-0.20 ~

\‘X
S
Qo

&

Collection
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Tall Shrub, and Canopy), and the highest correlation was
for the canopy strata. The initial change had the high-
est correlations with post-fire change and rate of change
for pNG and pNOV Low Shrub. All trends are positive,
which suggests that plots with a greater initial change in
the metric value tend to also experience a greater final
difference after 4 years.

Comparison with NBR and NDVI

Generally, there were differences in dNBR across the
burn unit immediately following the fire. Higher burn
severities were reported in the southern region, which is
dominated by dwarf stature pitch pines that historically
burned in frequent high-intensity wildfires (Good et al.

1979). Lower burn severity was observed in the northern
and northwestern region, which is dominated by typically
statured pitch pines (Fig. 6).

The site-by-site time series of NDVI and NBR meas-
urements are provided in the supplemental materials
as S9 and S10 while Fig. 7 aggregates the result for each
time period. Prior to the fire, NDVI and NBR values
were fairly consistent across the stand, as evident by the
small interquartile range (IQR). Along with reduction in
NDVI and NBR following the fire, variability was also
increased, which could signify variability in fire sever-
ity or treatment effects across the site. Over the recov-
ery period, variability tended to decrease while NDVI
and NBR increased, suggesting varied recovery rates by
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Table 7 Correlation with dNDVI and dNBR for initial metric
change for all 5 measurements. Bold indicates statistical
significance (p-value < 0.05). First value is the Pearson correlation
coefficient (r) and the second value is the Spearman correlation
coefficient (p). The associated scatterplots are provided in the
supplemental materials

Initial dNDVI dNBR
change metric

pNG 0.638/0.608 0.846/0.732
pNOV 0.697/0.797 0.882/0.853
pNOV Canopy 0.553/0.781 0.678/0.757
pNOV Tall Shrub 0.409/0.563 0.665/0.716
pNOV Low Shrub 0.737/0.697 0.824/0.807

plot, a movement towards more homogenous foliage or
vegetation conditions across the stand and re-accumu-
lation of vegetation. As highlighted in Table 4 above, fit-
ting a linear relationship to the post-fire NDVI or NBR
observations suggests 4.2 and 4.8 years, respectively, of
time before reaching pre-fire NBR conditions. However,
this is assuming a linear trend while the graphs indicate
recovery rates may decline or plateau. Regardless, this is
notably lower than the estimated recovery time for the
TLS-based metrics. This could potentially be attributed
to the inadequate characterization of subcanopy fuels, or
more generally the vertical re-distribution of fuels, using
spectral data alone.

The correlation between TLS-based initial change
metrics and dNDVI or dNBR were generally strong
(Table 7). The associated scatterplots are provided in the
supplemental materials as S13. At the stratum level, ini-
tial change in pNOV Low Shrub generally showed the
highest correlation with dNDVI. For dNBR, the high-
est correlation was for pNOV followed by pNOV Low
Shrub and pNG. Interestingly, pPRNO Canopy generally

Table 8 Correlation with post-fire NDVI and dNBR rate of
change for post-fire rate of change for all 5 measurements. Bold
indicates statistical significance (p-value < 0.05). First value is the
Pearson correlation coefficient (r) and the second value is the
Spearman correlation coefficient (p). The associated scatterplots
are provided in the supplemental materials

Post-fire rate of change NDVI NBR
Post-fire rate of change  Post-fire rate of
change

pNG —0.397/—-0.459 0.708/0.696
pNOV —0.643/—0.646 0.624/0.633
pNOV Canopy —0.420/—0.378 0.089/0.089
pNOV Tall Shrub —0.531/-0.515 0.739/0.735
pNOV Low Shrub —0.392/-0.508 0.530/0.532
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showed lower correlations with ANDVI and dNBR than
pNOV Low Shrub. This result was unexpected since NBR
is likely to be most correlated with canopy changes and
canopy mortality in the Pine Barrens landscape (Warner
et al. 2017). This may be attributed to the limited amount
of canopy change and mortality resulting from the
treatment.

Table 8 provides the correlations between the post-fire
rate of change of TLS-based metric values and the post
fire rate of change of NDBI and NBR. The associated
scatterplots are provided in the supplemental materials
as S14. Similar to the initial change results, the strong-
est correlations for the rate of change in NDVI were for
pNOV and pNOV Low Shrub. For NBR, the highest cor-
relations were for pNOV Tall Shrub followed by pNG.
The only non-statistically significant correlation was with
pNOV Canopy. Generally, correlations were weaker for
the rate of change results (Table 8) in comparison to the
initial change results (Table 7).

Comparison with CBI

Before discussing the correlation between the TLS-
based metrics and CBI, we first explore the relationship
between CBI and ANDVI or dNBR. Since CBI data were
only collected after the prescribed fire treatment and
alongside the Post TLS data, dNDVI and dNBR were
only calculated using the pre-fire and first post-fire Senti-
nel-2 MSI images. As highlighted in Table 9, correlations
between dNDVI and dNBR were generally higher for
total CBI and overstory CBI in comparison to understory
CBI. Correlation between understory CBI and dNBR
were generally weaker, but still statistically significant.
The stronger correlations between total CBI and over-
story CBI with dNBR are expected and were previously

Table 9 Correlation between initial metric change and CBI

for all 5 measurements. Bold indicates statistical significance
(p-value <0.05). First value is the Pearson correlation coefficient
(r) and the second value is the Spearman correlation coefficient
(0). The associated scatterplots are provided in the supplemental
materials

Initial change Total Overstory Understory
CBI CBI CBI
pNG 0.850/0.819 - -
pNOV 0.893/0.904 - -
pNOV Canopy - 0.667/0.682 -
pNOV Tall Shrub - - 0.542/0.708
pNOV Low Shrub - - 0.664/0.734
dNDVI 0.800/0.800 0.789/0.727 0.623/0.657
dNBR 0.933/0.872 0.984/0.838 0.801/0.760
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documented at another study site within the Pine Barrens
landscape by Warner et al. (2017). The scatterplots asso-
ciated with these correlations are provided in the supple-
mental materials as S15 and S16.

In comparing the initial change for the TLS-based met-
rics with CBI, the strongest correlation was between total
CBI and pNOV Total. In other words, the percentage of
non-occluded voxels with returns, a measure sensitive
to changes in volume or amount of vegetation present,
was most strongly correlated with the more visual-based
CBI. We attribute the lower correlation between pNOV
Canopy and CBI Overstory with the limited canopy mor-
tality. pNOV Low Shrub was generally more correlated
with CBI Understory than was pNOV Tall Shrub, and the
pNOV Tall Shrub patterns show evidence of nonlinearity.
The scatterplots associated with the correlation metrics
are provided in the supplemental materials as S17.

Discussion

TLS for evaluating prescribed fire and fuel management
We argue that the method demonstrated here is prac-
tical for guiding management strategy by quantifying
treatment efficacy, identifying a fire-return interval for
prescribed fire, and helping optimize investments in fuel
management. Practically, the workflow requires only
limited TLS preprocessing (i.e., ground classification,
ground normalization, and noise removal), and using a
single-scan position eliminates the need to co-register
multiple scans. It is not required to perform segmenta-
tion of individual trees or shrubs, which can be error
prone. Since changes are analyzed at the plot- or stratum-
level, as opposed to on a voxel-by-voxel basis, it was also
not necessary to standardize the orientation of the scans.
We used an affordable laser scanner, the Leica BLK360,
to reduce the cost of the implementation. Data collec-
tion requires less than one person-day per observation
increment (e.g., pre-burn, post-burn) and is repeatable
and simple to implement in the field (i.e., push of a single
button). Post-processing a set of five scans at a single plot
site takes less than 20 min of computational time. Aggre-
gating data across all measured plots and grouped by
sampling periods supports decision making at the burn
unit-level and offers a means to characterize reduction in
fuels, changes in heterogeneity across the site, and recov-
ery trajectories.

Since analysis of a time series of TLS observations is not
common in the literature, our study offers several valuable
lessons for forest managers considering using TLS for doc-
umenting prescribed fire and fuel management practices.
First, TLS data captured spatial and temporal variability
in post-fire fuel reductions. The immediate post-burn data
illustrate unit-wide fuel reduction (Figs. 3, 4, and 5). Fur-
ther, incorporation of strata-specific metrics allowed
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for characterizing where the highest degree of change
occurred (Fig. 5). We specifically document reduction
in the volume of material in the Low Shrub strata, which
was specifically targeted during fire treatment. Gen-
eral patterns in the percent of total points not classified
as ground in the plot (pNG) and volume-based metrics
(pPNOV) were initially reduced by the prescribed fire,
signifying fuel consumption, followed by increasing val-
ues in the metrics over the 4-year observation period,
indicating some degree of new fuel or vegetation accu-
mulation. The magnitude of the initial change, post-fire
change, final difference from pre-fire conditions, and
rate of post-fire change generally varied between sites
within the unit, illustrating the ability to characterize dif-
ferences in fuel consumption and recovery rate between
plots. Some sites, especially those with smaller initial
changes in metric values (Fig. 3) continued to experience
a reduction in metric values for several years, revealing
an undocumented potential to underestimate treatment
effectiveness when monitoring is only conducted imme-
diately post-burn. While this study does not allow us to
confirm that this can be attributed to delayed mortality,
our data still illustrate how the fire treatment increased
heterogeneity in the amount of vegetation in the subcan-
opy (Fig. 4 and 5).

Second, TLS data document variable rates of fuel
recovery or vegetation change. Data collected for 4 years
post-burn identifies a unit-wide pattern of fuel regen-
eration. Specifically, while a small proportion of the unit
recovered to or near to pre-fire fuel metric values, the
majority of the unit continues to have less fuel than pre-
treatment. Given the trends observed in this study, this
burn unit is likely to regenerate to pre-fire conditions in
9-10 years (Table 4); however, this trajectory could be
affected by future environmental conditions or non-lin-
ear recovery trajectories. Certainly, variability in regen-
eration appears linked to the magnitude of initial change
and the vegetation stratum (Table 5). The strongest cor-
relations were noted for the tall shrub stratum where
all r and p values were above 0.550 and as high as 0.955.
In other words, plots with more fuel material generally
experienced more initial post-fire change and the greatest
amount of recovery over the 4-year period, especially in
the subcanopy. We attribute limited canopy mortality, to
the subcanopy fuels being one of the primary targets of
the treatment, and to the ability of subcanopy vegetation
to change more rapidly. Finally, we highlight that recov-
ery rates were faster for more intensely burned plots even
though they tended to show a larger difference from ini-
tial conditions at the end of the monitoring period, sig-
nifying that higher burn intensities can create a more
durable treatment effect.
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Third, our study highlights that TLS data complement
dNDVI, dNBR, and CBIL Comparing multi-temporal TLS
and reflectance datasets illustrates that forest recovery
from fire can be complex and that ANDVI or dNBR, if
used alone, may result in underestimation of treatment
impacts and durability, especially in the subcanopy. The
initial change and post-fire rate of change in TLS-based
metrics were generally correlated with ANDVI and dNBR
calculated using the pre- and first post-fire image and
the rate of post-fire change in NDVI and NBR (Tables 8
and 9). Although the TLS-based metrics primarily char-
acterize change in volume or amount of material, these
measures do correlate with spectral-based vegetation and
burn severity indices. These results highlight the value in
having alternative means, such as multi-temporal TLS, to
compliment spectral-based measurements and further
characterize changes in the subcanopy.

Finally, multiple years of repeat TLS data are valuable.
Several prior studies have explored the utility of single
post-fire or pre- and post-fire scan pairs using a single
scanning position for characterizing plot-level fuel char-
acteristics (for example, (Bauwens et al. 2016; Alonso-
Rego et al. 2020, 2021; Gallagher et al. 2021; Pokswinski
et al. 2021; Maxwell et al. 2023)). We argue that this study
further supports the efficacy of such methods and docu-
ments the value of repeat collection for characterizing
post-fire change. TLS can offer a rapid means for site
assessment that is repeatable and not greatly impacted
by subjectivity or human biases (Pokswinski et al. 2021).
Occlusion is one potential issue with single-position data
since the entire plot is not fully characterized (Heidari
Mozaffar and Varshosaz 2016; Bester et al. 2023). Thus,
we argue for the use of occlusion-adjusted metrics, as
implemented here, to allow for more consistent compari-
sons across a time series and between sites.

Limitations and research needs

A key limitation of this workflow is an inability to char-
acterize changes in the abundance of herbaceous, litter,
and duff fuels due to limited changes in volumes within
these strata and error associated with the ground return
classification process. It is also not possible to segment
different fuel components (e.g., live vs. dead, downed
woody debris, or size classes of dead fuels) or the tran-
sition of materials between fuel components. There is a
need to further explore methods that allow for differen-
tiating or classifying returns into different components
(Yan et al. 2025). As noted by Abdollahi and Yebra (2023),
there is a need to further investigate and develop such
point cloud segmentation methods focused on fuel com-
ponents. However, operationalization is currently limited
by labeled training data requirements and lack of gener-
alization across landscapes (Abdollahi and Yebra 2023).
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There has also been an interest in developing methods
that make use of mobile laser scanning units (for exam-
ple, Bauwens et al. 2016; Qi et al. 2022; Hoffrén et al.
2024; Luciano et al. 2025)).

Conclusions

This study demonstrates that TLS offers a practical, effi-
cient, and repeatable approach for evaluating prescribed
fire outcomes at the plot- and burn-unit scales. Using a
simplified workflow with minimal preprocessing and a
single scan position, TLS captured ecologically mean-
ingful spatial and temporal variability in fuel reduction
and re-accumulation, particularly within the tall and low
shrub strata. Multi-year observations document that
immediate post-burn assessments may underestimate
treatment effectiveness. TLS-derived structural metrics
also complement spectral indices, such as dNDVI and
dNBR, and visual assessments, such as CBI, by providing
critical insight into three-dimensional vegetation change.
While limitations remain, particularly in characterizing
near-ground fuels and transition of materials between live
and dead fuel components, this work highlights the strong
potential of multi-temporal TLS to aid land managers in
quantifying the effectiveness of fuel reduction treatments.
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