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Abstract

Despite the prevalence of fire activity in the Southeastern United States, a limited understanding
of how vegetation phenology varies after fire across different ecosystems hinders our ability to
make informed land management decisions and to model vegetation responses at regional scales.
Quantifying variability in post-fire observations of canopy structure is essential for land managers
assessing damage and recovery, and for ecosystem modelers evaluating changes in carbon uptake,
plant water use, and energetic exchanges between the land surface and the atmosphere. Land man-
agers and scientists frequently rely on satellite remote sensing to evaluate vegetation changes in
response to fire disturbances. However, satellite remote sensing data are limited by their spatial
and temporal resolutions, possibly missing small fires or not capturing heterogeneous impacts to
vegetation within a single pixel. To assess this gap, we quantify differences in remote sensing and
ground observations of vegetation phenology, evaluating and attributing sources of uncertainty for
gridded datasets typically used at ecosystem scales. We quantify phenologic changes across differ-
ent ecoregions in North Carolina, USA using time series of plant density from ground observations
and satellite remote sensing. Using leaf area index (LAI) as a measure of canopy structure, we eval-
uate changes in vegetation across different fire-affected ecosystems. Based on nearly 400 ground-
based measurements collected over a 4-year span before and after prescribed fires and one wildfire,
we quantify discrepancies in LAI among satellite and ground products and show how uncertainty
varies with ecoregion, plant functional type, spatial resolution, and sub-pixel vegetation hetero-
geneity. We find that while the magnitudes of LAI estimates differ across data products, seasonal
cycles before and after fire events tend to agree. Our results underscore the importance of targeted
ground-validation efforts and offer practical insights for improving remote sensing based assess-
ments of post-disturbance vegetation dynamics, carbon and water cycling, and land management.

1. Introduction

The vegetated land surface is the most uncertain component of the carbon budget in future projections
[1], and vegetation responses to disturbances like fire are a key component of that uncertainty [2, 3].
Leaf area index (LAI) is an essential parameter used in Earth system modeling that often comes from
satellite remote sensing [4, 5]. LAI is a measure of canopy density, defined as the one-sided leaf area per
unit ground area [6]. In hydrological modeling, LAI represents the amount of vegetation in simulations
of biophysical processes that estimate carbon and water fluxes between the land surface and atmosphere
[5, 7]. LAI is often used to evaluate structural and phenologic changes at ecosystem scales in response to
extreme events like fire [8—11]. Uncertainty in estimates of LAI from remote sensing products [12] can
propagate through land surface models [13], impacting numerical weather prediction [14, 15], estim-
ates of crop production [16-18], and assessments of photosynthetic contributions to evapotranspiration

© 2026 The Author(s). Published by IOP Publishing Ltd
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and carbon assimilation [4, 5, 19, 20]. Thus, it is critical to understand the sources of uncertainty that
contribute to estimates of LAL

Disturbances such as fire alter vegetation structure and subsequently influence carbon and water
fluxes [21-23]. In fire-dependent ecosystems, such as longleaf pine savannas in the Southeastern United
States, regular, low-intensity fires maintain open canopies that promote understory biodiversity and help
sustain carbon cycling regimes [24-28]. Fire frequency and intensity control recovery dynamics and
resilience [29, 30], but over the last four decades both have increased due to a combination of climate
change and fire suppression [2, 31], amplifying uncertainty in regional carbon cycling [24]. However, a
gap remains in understanding how variability in post-fire vegetation phenology propagates to estimates
of ecosystem water use and photosynthesis. Thus, quantifying the uncertainty of fire effects on vegeta-
tion phenology is paramount to improving estimates of carbon, energy, and water fluxes between Earth’s
surface and atmosphere.

The impacts of fire on canopy structure can be evaluated through observations of surface properties
using satellite imagery [32, 33]. While remote sensing of land surface reflectances can be used to mon-
itor post-fire phenological changes [34], indices such as normalized vegetation difference index (NDVI,
a measure of vegetation greenness) can be susceptible to saturation, reflecting rapid recovery [35], or
exhibit variability in response rate due to vegetation heterogeneity not captured by satellites [36]. In the
Southeast US where NDVI saturates at low values (i.e. the relationship between the vegetation index and
spectral reflectance breaks down), LAI can provide an improved estimate of vegetation phenology [37,
38]. To quantify post-fire vegetation regrowth, most studies use vegetation indices derived from satel-
lite remote sensing [9, 34, 39—41], with some using in situ observations to capture canopy structure and
density [42-44]. While LAI is typically derived from remote sensing observations for modeling, it may
also be estimated through direct and indirect field measurements [4, 5, 7].

Indirect optical techniques such as the canopy gap fraction method [45-47] can be employed with
handheld devices as a non-invasive way to measure LAI on the ground after fires. Flerchinger et al [42]
used a combination of the gap fraction method with biomass sampling to estimate annual vegetation
recovery and subsequent hydrological impacts following prescribed fire in a semi-arid sagebrush range-
land in southwestern Idaho. Gricar et al [43] performed more frequent measurements of LAI (every 7—
10d) to capture spring sprouting of Q. pubescens for two months of spring after a wildfire in southwest-
ern Slovenia showing the effects of fire on carbon and water balances and ultimately growth and devel-
opment patterns. These studies underscore the value of high-frequency, ground-based LAI measurements
for evaluating post-fire ecosystem response, while highlighting the critical need for longer-term in situ
observations to calibrate and validate satellite-derived LAI and capture vegetation regrowth trajectories
over time and across diverse fire-adapted ecosystems [41]. Leveraging both satellite-derived and ground-
based observations of LAI, we examine how spatial and temporal scale differences, and their associated
uncertainties [48], influence assessments of post-fire vegetation recovery.

As prescribed fires and wildfires occur frequently in the Southeastern US, there is a rich body of fire-
related literature in the region that focuses on historical fire regimes and land management practices [28,
49], species richness and diversity [50], and the uncertainty of climate change altering the intensity, fre-
quency, and impacts of fire [24]. However, there has been less focus on evaluating how frequent fire dis-
turbances in this region influence measurements and observations of vegetation phenology. Van Leeuwen
[39] used satellite-derived NDVI to understand how treatments like prescribed fire can build resilience
to wildfires in Arizona. Lacouture et al [40] leveraged NDVI to track recovery in a sandy pine forest in
Florida following prescribed fire, but those results were limited by growing season cloudiness and lack of
in situ observations, suggesting future studies incorporate ground-based methods to account for veget-
ation heterogeneity. Thus, a gap exists in quantifying uncertainty in vegetation phenology for humid,
fire-adapted regions like the Southeastern US.

The goal of this study is to quantify variability among satellite and ground observations of vegetation
density in fire-affected ecosystems to inform Earth system models that seek to accurately capture land
surface fluxes. We hypothesize that the uncertainty in estimates of vegetation phenology in fire-affected
regions, as measured by LAI, varies systematically across data collection methods (satellite versus ground
observation), physiographic region, and plant functional type. Moreover, we hypothesize that differences
between satellite remote sensing and ground observations of LAI will vary according to spatial resolution
of the satellite product [51] and sub-pixel vegetation heterogeneity [52]. This study examines vegeta-
tion regrowth dynamics following prescribed fire across multiple ecosystems in the North Carolina (NC)
Piedmont and Coastal Plains physiographic regions. Over four years, we collected nearly 400 ground-
based observations across fifteen sites affected by more than a dozen prescribed fires and one wildfire,
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capturing monthly to seasonal changes in LAIL. These data support cross-validation of multiple satellite-
derived vegetation products and help identify drivers of uncertainty in observations of regrowth dynam-
ics. Insights gained will strengthen global remote sensing applications for vegetation monitoring pro-
grams, with broad implications for post-disturbance ecosystem modeling and practical land management
decisions.

2. Methods and data

2.1. Overview

The goal of this study was to quantify uncertainty in estimates of vegetation phenology for fire-affected
ecosystems across NC. We selected sites in collaboration with the NC Wildlife Resources Commission
(NCWRC), the NC Forest Service, and The Nature Conservancy that represent important ecoregions

in NC and ensured that the sites were aligned to cross gradients of topography and subsurface prop-
erties. We collected satellite remote sensing and ground-based observations of LAI from January 2021

to January 2025 across 15 sites, within 13 burn units, spanning five study areas of grasslands, forests,
and savannas in the NC Piedmont and Coastal Plains physiographic regions (figures 1 and 2). Satellite
remote-sensing estimates of LAI were derived from the Moderate Resolution Imaging Spectroradiometer
(MODIS) and Landsat, while ground observations were obtained using a LICOR LAI-2200 plant can-
opy analyzer (see sections 2.3 and 2.4). Burn unit boundaries were defined by land managers, while the
research team deliberately selected ground-observation locations within spatially uniform areas and away
from boundaries to ensure that measurements were representative of the dominant vegetation. Locations
and site descriptions are provided in tables 1 and 2. Preliminary data were also collected in the Blue
Ridge physiographic region of the NC mountains, but data collection was halted as a result of damage
from Hurricane Helene in September 2024. No prescribed fires occurred at this site during the study and
no analyses were performed, but the few collected data are included in published datasets.

2.2.NC study sites

2.2.1. Piedmont grassland

The two burn units at Grissom (GR) Field, Main (GR-Main) and Volunteer (GR-Vol), are located on
private land in the Central Piedmont of NC. The sites have been managed since 2006 to maintain native
grasses that improve wildlife habitat for non-game species. GR-Main is approximately 5ha and contains
primarily big bluestem (Andropogan gerardii) with some blackberry (Rubus spp.) and goldenrod (Solidago
rigida). GR-Main was first burned in 2007, followed by the planting of the native grasses, and has been
subject to annual prescribed fires in late winter or early spring since 2014. GR-Vol is a 7 ha site of mixed
grasses and diverse forbs, first burned in 2015 and left to regrow naturally from the existing, ‘volun-
teer’ seed bank. We collected monthly ground measurements of LAI at GR from April 2021 to December
2024.

Reynolda Meadow (RM) is a 3 ha grassland maintained on the grounds of Reynolda Gardens and
managed by Wake Forest University in Winston-Salem, NC. Unlike other properties in this study,
Reynolda Meadow is situated in a suburban area. A restoration project of the meadow began in 2012
to restore a natural Carolina Piedmont prairie. After mowing and herbicidal treatments, land managers
planted a variety of native grasses and forbs. The meadow is mowed or burned annually to replicate the
natural burn cycle of Piedmont prairies. In January 2021, we began collecting ground records of LAI at
three locations within the boundary, the northwest corner (RM-NW), the southeast corner (RM-SE),
and a location in the middle of the field where a small tower (RM-TW) was set up to take temperature
readings during a prescribed burn. The only fire at RM during the study period occurred on February
15, 2024.

2.2.2. Piedmont forest

The Falls Lake site in northern Wake County, NC, is game land managed by the NCWRC. The 23 ha
burn unit is composed primarily of natural loblolly pine (Pinus taeda) overstory and a shrubby under-
story. Prescribed fire is implemented every two to three years as a strategy to thin the understory for
wildlife corridors and to maintain visibility for hunting. During the study period, there were two pre-
scribed fires: March 22, 2022 and April 2, 2024. We took ground-based measurements of LAI before and
after each burn.



10P Publishing Environ. Res. Commun. 8 (2026) 051005 B  Letters

Grissom

Blue Ridge ?
Piedmont ?

Coastal Plains T
Esri, CGIAR, USGS, Si

Black River Green Swamp

Figure 1. Maps of the five study areas across different North Carolina physiographic regions (Teal = Piedmont, Brown = Coastal
Plains). White outlines in border figures indicate burn units for prescribed fires. South Beaver Creek, in the Blue Ridge Mountain
region of North Carolina is indicated on the map, though data collection at this site was halted by Hurricane Helene in 2024 and
not included in the analysis in this manuscript.

2.2.3. Coastal plains

The Nature Conservancy of NC manages two large preserves in the Southeastern Coastal Plains: the
Black River (BR) Preserve, covering over 1600 ha in southeastern Bladen County, and the Green Swamp
(GS) Preserve, located about 45 km south, spanning more than 6500 ha. Prior to current land manage-
ment, the area was used for agricultural purposes. There is evidence of historical fire regimes in each
preserve [53—56]. Currently, prescribed fire is used to mimic historical return intervals to restore the nat-
ural ecosystem, maintain lands for recreation, and preserve rare and endangered species such as the bald
cypress (Taxodium distichum) and Venus flytrap (Dionaea muscipula). The ecosystems in the preserves
consist of upland longleaf pine (Pinus palustris) savannas and flatwoods, with wire-grass (Aristida stricta)
understories, and lowland pocosin and pond pine (Pinus serotina) woodlands and shrublands. Regions
with longleaf pine are burned with intervals every two to four years which is more frequent than the
pocosin wetlands where prescribed fire occurs every five to twenty years. Burn intervals vary based on
need, location, complexity, and resource availability.

There are four burn units at BR (Crane A, BR-CA; Lewis B, BR-LB; Lewis D, BR-LD; and Bucher,
BR-B) and five burn units at the GS (Clemmons A, GS-CA; Clemmons B, GS-CB; Meyers 1, GS-M1;
Meyers 2, GS-M2; and Meyers 3, GS-M3). Data collection at each location began in July 2022 and ended
in January 2025. There was a wildfire that affected most of the GS in June 2023, halting plans for pre-
scribed fires at GS-CA, GS-M1, and GS-M2. See tables 1 and 2 for summary descriptions of the sites.
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Figure 2. (top row) Aerial views of sites with MODIS (500 m, red outline) and Landsat (30 m, blue boxes) pixels containing loca-
tions of ground observations (green star) for Piedmont Grassland (Grissom, Main and Volunteer), Piedmont Forest (Falls Lake)
and Coastal Plains (Green Swamp Meyers 3). (bottom row) Ground photos of vegetation from data collection (dates marked on
photos). Imagery © 2026 Planet Labs www.planet.com.

Table 1. Study site locations, burn dates, and burn frequencies (RM = Reynolda Meadow; GR = Grissom; BR = Black River;
GS = Green Swamp).

Site name Lat Lon Area (ha.) Burn date(s) First collection Frequency

GR-Main 35.560 —79.967 5 2021-03-12, 2022-04-04, 2021-03-12 monthly
2023-03-22, 2024-02-29

GR-Vol 35.559 —79.973 8 2021-03-12, 2023-12-23 2021-03-12 monthly

RM-NW 36.120 —80.279

RM-TW 36.120 —80.278 3 2024-02-15 2021-01-15 monthly

RM-SE 36.120 —80.277

Falls Lake 36.006 —78.671 23 2022-03-22, 2024-04-02 2022-03-22 2-3 months

BR-Bucher 34.483 —78.218 35 2023-05-12, 2023-08-03 2022-07-15 2-3 months

BR-CraneA 34.497 —78.259 16 2024-02-03 2022-07-15 2-3 months

BR-LewisB 34.483 —78.237 17 2022-07-20 2022-07-15 2-3 months

BR-LewisD 34.482 —78.223 26 2022-07-20 2022-09-05

GS-ClemmonsA 34.069 —78.270 46 *2023-06-14 2022-09-05 2-3 months

GS-ClemmonsB 34.068 —78.273 31 2022-07-05,%2023-06-14 2022-07-15 2-3 months

GS-Meyersl 34.051 —78.290 153 *2023-06-14 2022-09-05 2-3 months

GS-Meyers2 34.061 —78.275 95 *2023-06-14 2022-09-05 2-3 months

GS-Meyers3 34.056 —78.278 79 2022-07-06,%2023-06-14 2022-07-15 2-3 months

* denotes the ignition date of a wildfire in the Green Swamp.

2.3. Ground observations

Ground-based LAI was measured using the LAI-2200 C Plant Canopy Analyzer (LI-COR Inc. Lincoln,
Nebraska, USA). The device uses the canopy gap fraction method [5, 57, 58] to estimate LAI by measur-
ing the amount of incoming solar radiation above and below the canopy at five angles from the zenith
[59]. Open sky, or above canopy, readings provide a baseline for total incoming radiation, while the
below canopy reading measures how much light passes through the canopy. A 180° lens cap was used
when taking below canopy (ground measurements) to block the sensor operator. Above canopy measure-
ments were taken above the grasses and in open sky patches adjacent to the burn units for taller canop-
ies. Below canopy observations attempted to capture all aboveground vegetation by placing the optical
sensor on the ground. The computations performed on the accompanying LAI-2270 console estim-

ate LAI based on the probabilities that light will pass through the canopy at the five mask angles while
accounting for clumping and foliage orientation.
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Table 2. Land cover classifications and site descriptions.

Land management

Site name MCD12Q1 Type 3 NLCD 2021 descriptions

GR-Main Savanna Pasture/Hay Planted grassland dominated by big
bluestem (A. gerardii)

GR-Vol Savanna Pasture/Hay Mixed native grasses (A. virginicus, P.
anceps) and a wide variety of forbs

RM-NW Savanna Pasture/Hay Mixed grassland with big bluestem
(A. gerardii) and switchgrass (P.
vergatumm)

RM-TW Savanna Pasture/Hay Some forbs milkweed (A. syriaca)
and goldenrod (S. rigida)

RM-SE Savanna Deciduous forest

Falls Lake Deciduous Evergreen forest Loblolly pine (P. taeda) overstory

Broadleaf Forest with a shrubby understory

BR-Bucher Savanna Grassland Longleaf pine Savanna (P. palustris)

BR-CraneA Savanna Grassland Wiregrass (A. stricta) understory and
some pocosin.

BR-LewisB Savanna Grassland

BR-LewisD Savanna Grassland

GS-ClemmonsA Savanna Shrubland Longleaf pine Savanna (P. palustris)

GS-ClemmonsB Savanna Evergreen forest Wiregrass (A. stricta) understory and
some pocosin

GS-Meyersl Savanna Evergreen forest

GS-Meyers2 Savanna Evergreen forest

GS-Meyers3 Savanna Evergreen forest

Measurement frequency varied by site based on accessibility. Ground measurements were collected
monthly at the grassland sites of GR Field and Reynolda Meadow, but at 2-3 month intervals for the
remaining sites (table 1). At each site, one above canopy reading and 9-12 below canopy readings were
taken within a 10 m grid to capture foliage variability due to stand heterogeneity which are averaged
within the handheld console to produce a single LAI estimate. The built-in ‘Clip’ function on the con-
sole was used to correct readings where canopy transmittance was greater than one [59], which primarily
occurred at BR-LB, where the canopy is sparse.

2.4. Remote sensing data

2.4.1. MODIS LAI

The MODIS MOD15A2H Version 6.1 Level 4 500 m 8d LAI [60] were acquired using the NASA Earth
Data Application for Extraction and Exploring Analysis Ready Samples (Appeears, https://appeears.
earthdatacloud.nasa.gov/). The main algorithm uses near infrared (858 nm) and red (648 nm) surface
reflectances to solve a three-dimensional radiative transfer equation, using lookup tables that associate
surface reflectance characteristics with vegetation canopy structure [4, 61], using the best image from the
Terra satellite observations over an 8 d composite period. The LAI algorithm estimates vegetation density
based on the MCD12Q1 Land Cover Type 3 classification [62], which provides annual, global land cover
at a 500 m resolution. Annual MCD12Q1 data were obtained from Appeears.

2.4.2. Landsat-derived LAI

We estimated 30 m LAI using a machine learning algorithm adapted from Kang et al [63], implemen-
ted in Google Earth Engine (GEE, https://earthengine.google.com/ [64]). Their model used spatially
homogeneous samples of MODIS LAI and Landsat 5, 7, and 8 reflectance with separate random forest
models for eight NLCD-defined biomes for each sensor. LAl was computed using only Landsat 8 surface
reflectance imagery, selected for its improved spectral sensitivity and temporal alignment with the study
period [65]. Surface reflectance values outside the training sample’s convex hull are flagged and LAI is
not produced when excessive clouds are present [63]. The temporal frequency of cloud-free LAI readings
is approximately two per month in this study. The 30 m NLCD dataset matches the Landsat resolution
and is updated periodically [66]. We extracted NLCD 2021 data [67] using GEE.

6
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2.5. Spatiotemporal alignment of ground and remotely-sensed LAI

To compare point-based ground observations with pixel-based remotely-sensed LAI, we identified the
corresponding MODIS and Landsat pixels and temporally interpolated satellite observations so they
aligned in both space and time with satellite observations. At GR, the ground observations inside of the
two burn units (Main and Volunteer) fall in distinct, adjacent MODIS pixels (figure 2). These observa-
tions also fall into separate Landsat pixels. At Reynolda Meadow, the three ground observation sites fall
within the same MODIS pixel, but three distinct Landsat pixels. At the GS and BR, burn units are far
enough apart that site-level ground observations for each burn unit occur within distinct MODIS and
Landsat pixels. In the Piedmont Forest, ground observations were collected at a single location, corres-
ponding to one MODIS pixel and one Landsat pixel.

The MODIS and Landsat-derived LAI products required data processing before being suitable for
analysis. We applied a Savitsky—Golay filter [68] following Chen et al [69] to smooth noisy measurements
associated with nonphysical, rapid changes in remotely sensed LAI due to cloud contamination [70],
atmospheric disturbances, or sensor properties [38]. A Savitsky—Golay filter uses least-squares regression
to fit a low-degree polynomial over a smoothing window [68, 69], and is commonly used to preserve
seasonality in phenology time series [71, 72].

We began by flagging and linearly interpolating LAI values using quality control (QA) bands. For
MODIS, we removed values of LAI derived from the NDVI-based backup algorithm [4, 61], which is
more prone to cloud contamination [70, 73]. We excluded the NDVI-based LAI estimates due to unre-
liable performance in areas with non-photosynthetic (dead or brown) vegetation [74]. For Landsat-
derived LAI, we used the binary QA flag from Kang et al [63] to exclude values of reflectance outside
of the range of the training sample. When neighboring pixels experienced similar nonphysical increases
in LAI without consistent QA flags, we manually flagged and removed them. This occurred fewer than
five times.

We linearly resampled the Landsat data at the highest possible temporal resolution to ensure equal
spacing of the data, a necessary condition for the Savitsky—Golay filter [68]. The spacing varied slightly
for each site at approximately one-month. We used a polynomial of d =4 and, to ensure the smoothing
windows represented comparable time spans, we used a half-window lengths of m = 4 for Landsat and
m = 6 for MODIS, both within the recommended range [69]. Finally, smoothed data were linearly inter-
polated to a daily time step to align remote sensing data with dates from ground-based measurements
for regression analysis.

3. Results and discussion

3.1. Post-fire vegetation regrowth patterns and interannual variability across ecoregions
Vegetation growth after fires and after the dormant season is observed with increases in LAI that tend to
peak in mid-summer months across all NC ecoregions. However, the magnitude of peak season LAI var-
ies by observation methods and region (figure 3). These discrepancies in seasonal LAI likely arise from
differences in spatial resolution, measurement approach, and land cover classification. Coarse spatial res-
olution of satellites which may not capture vegetation heterogeneity, lead to mismatches with ground
data [73] (figure 2). Biases in ground based-instruments like the LI-COR may overestimate LAI in dense
grasslands or underestimate it in sparse canopies such as longleaf pine savannas [5, 58, 75].

Land cover misclassifications further contribute to the differences among observational methods.
The MODIS classifications often disagree with the NLCD biome classifications and from land man-
ager descriptions (table 2). Among the 15 locations in this study, there were five different land cover
types from NLCD but only two from MODIS, which classified fourteen locations as savannas and one as
deciduous broadleaf forest. The coarse resolution of MODIS can lead to misclassifications in heterogen-
eous landscapes which affect estimates of LAI because LAI algorithms rely on land cover-specific surface
reflectance assumptions [76, 77]. In contrast, NLCD differentiates more specific land cover types due
to its finer spatial resolution. For example, in Coastal Savannas, MODIS identifies all sites as savannas,
but NLCD classifies the BR sites as grasslands and most GS sites as evergreen forests, with the excep-
tion of GS-CA (shrubland). Discrepancies in land cover classification, which influence surface reflectance
dependence in LAI algorithms, may contribute to differences in LAI across data sources. Further discus-
sion of site- and region-specific results are described in the following subsections.

3.1.1. Piedmont grasslands
Rapid post-fire regrowth was observed at GR Field from 2021 to 2024 (figures 3(a) and (b)). Because
fires in Piedmont grasslands, especially those affecting big bluestem, typically occur early in the growing

7
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Figure 3. Leaf area index (LAI) from January 2021 to January 2025 from MODIS, Landsat, and LI-COR. Gray dotted lines indic-
ate dates of prescribed fire. In the Green Swamp, wildfire is signified with orange dotted lines.

season, rapid regrowth was likely driven by elevated surface temperatures that amplify photosynthesis

[78, 79] or the post-fire resprouting that can occur in frequently burned grassland and savanna
ecosystems [80, 81].

Although MODIS (MCD12Q1) classification for GR-Main was savanna instead of grassland, the
interannual LAI from MODIS are in seasonal agreement with ground observations (figure 3(a)). All
three methods agree seasonally at both GR sites, but differ in peak season LAI. Ground observations
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in 2023 were more than 2.0 m? m~2 below the satellite measurements. In 2024, MODIS LAI is lowest,
which could be due to nearby logging within the MODIS pixel (figure 2).

Landsat LAI at GR-Main exceeded 5.5m? m~? in summer, with similar values observed by MODIS
from 2021 to 2023. Peak season LAI from ground observations at GR-Main ranged from 3.7 to
6.6 m? m~? demonstrating more interannual variability than satellite-derived estimates. Ground obser-
vations in 2021 remain high throughout the autumn and early winter as dense, dormant vegetation
continued to block light in below canopy readings. At Reynolda Meadow, Landsat shows better agree-
ment with LI-COR measurements, while MODIS LAI values tend to be lower (figures 3(c)—(e)). Rapid
regrowth across datasets is largely driven by the timing of dormant or early growing season prescribed
fires in the Piedmont Grasslands, which minimally disrupt seasonal LAI dynamics; however, differences
in peak LAI reflect sensitivities to measurement method, spatial scale, and land cover misclassifications
in these ecosystems.

3.1.2. Piedmont forests

At Falls Lake, ground-based LAI decreased from 2.6 to 0.9 m? m~2 the morning of the March 2022
prescribed fire (figure 3(f)). By August, ground-based LAI increased to 3.4 m*> m~2 while MODIS and
Landsat LAI were 5.1 and 3.9 m? m~2, respectively. In the summer following the 2024 prescribed fire,
ground-based LAI was 3.0 m*> m~2, while MODIS and Landsat LAI were 5.1 and 5.0 m* m~2, respect-
ively. Higher satellite-derived LAI could be due to the very green nature of the understory in August
2024 at Falls Lake (figure 2), as well as the fact that the ground observations do not directly measure
greenness but instead quantify the amount of sunlight blocked by vegetation. The May—June decrease

in MODIS LAI in some years is likely an algorithmic artifact associated with high sun angles impacting
bidirectional reflectances or rapid canopy changes that induce saturation [4, 5, 61]. Satellite-derived LAI
overestimation at Falls Lake is a phenomenon observed in other mature forests, likely resulting from sig-
nal saturation [82]. Satellite derived estimates are influenced by chlorophyll content reflecting green light
rather than capturing actual density, whereas the canopy gap fraction method captures plant area dir-
ectly from blocked sunlight. This measurement bias can contribute to systematic discrepancies between
the two datasets in this ecosystem and should be accounted for when assessing impacts of fire from
satellite observations. While rapid post-fire recovery is also evident in Piedmont Forests, satellite-derived
LAI tends to overestimate canopy density due to sensitivity to greenness and saturation, requiring careful
interpretation of structural change.

3.1.3. Coastal Savannas

A prescribed fire occurred at GS Meyers 3 on July 6, 2022 and we began collecting ground observa-
tions 9d later. Prior seasonal MODIS LAI ranged from 1.1 and 2.7 m?> m~? but fell to between 0.9 and
2.3m? m~? after the prescribed fire (figure 3(0)). In contrast, all Landsat LAI values fell between 1.3

and 1.8 m? m~2, indicating much smaller seasonal variation. The ground-based LAI ranged from 0.5 to
2.3m? m~2. Although the range reflects seasonal growth, low summer LAI could be due to the open,
clumped nature of the canopy at Meyers 3 (figure 2) which can overestimate the gap fraction and under-
estimate LAI [58, 83]. Understory grasses may increase the scattering of light and could be the cause of
higher LAI measurements [84, 85] in late 2023 and autumn 2024 (figure 3(0)).

Immediately following the prescribed fire, ground-based LAI at GS-M3 remained low until it
increased in July and September 2023, shortly after a wildfire burned through the region in June
(figure 3(0)). A similar signal was observed in GS-M2 with ground-based LAI over 2m? m~2 in
September 2023 (figure 3(n)). This post-wildfire increase may reflect enhanced regrowth capabilities
of fire-adapted species in longleaf pine savannas [86] and pocosin woodlands [56]. Otherwise, LAI
remained stable, suggesting prior prescribed fire may build resilience to wildfire [29, 87, 88]. However,
further research is needed to determine if resilience and rapid regrowth holds across the entire GS. In GS
areas not burned with prescribed fire in 2022 (GS-CA, GS-M1, GS-M2), the 2023 wildfire caused larger
losses to LAI, most of which are observed in the post-fire decreases in MODIS LAI (figures 3(k), (m)
and (n)). Accessibility was limited for GS-CA and GS-CB in the few months following the wildfire, but
MODIS observed the decline in LAI at both sites. Recovery is seen in all GS burn units with peak LAI in
2024 returning to values similar to those before the wildfire.

Overall, LAI values are lower in the Coastal Savannas (figure 3), with both MODIS and the LI-COR
measuring higher maximum LAI than Landsat. In the BR burn units, MODIS LAI is nearly double
Landsat and ground-based measurements (figures 3(g)—(j), and the discrepancies with MODIS are even
larger in the GS-Clemmons stands (figures 3(k)—(1)). Except at GS-CB, Landsat observes steady, subtle
seasonal patterns in LAI with low annual variability. At GS-CB, both MODIS and Landsat observe large
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Figure 4. Comparisons of satellite-derived and ground-based measurements of leaf area index (LAL, m?> m~2) by ecoregions:
Coastal Savanna, Piedmont Grassland, Piedmont Forest, with MODIS in the top panels and Landsat in the bottom panels.
Coefficients of determination, R?, are shown by seasons and for all time: spring (MAM = March, April, May); summer (JJA =
June, July, August); autumn (SON = September, October, November); and winter (DJF = December, January, February). Red,
dashed lines are one-to-one.

interannual fluctuations in LAI, with MODIS ranging from 2.7 to 6.7 m> m~2, Landsat ranging from 1.4
to 5.3 m?m™2, and ground-based observations oscillating between 0.5 and 2.1 m?> m~2.

Aside from a few of the extreme values, the LI-COR estimates align with ground-observed LAI cap-
tured by hemispherical photography ranging from 0.2 to 1.1 m*> m~2 across soil moisture gradients in
prescribed-fire managed longleaf pine savannas in the Coastal Plains of Georgia [89]. Thus, we caution
researchers and land managers using MODIS to estimate peak season LAI in Coastal Savannas as it may
overestimate vegetation density. Landsat-derived LAI overestimates ground-based LAI less than MODIS
in the Coastal Savannas and maintains a consistent relationship with ground observations across seasons,
so incorporating ground observations, finer-resolution remote sensing, or other complementary measure-
ments (e.g. LIDAR [90]) can improve estimates of vegetation density and recovery (figure 4(d)).

3.2. Seasonal variation in satellite-derived and ground-based measurements of LAI
Satellite-derived and ground-based LAI exhibit regional and seasonal variability with large discrep-
ancies across ecoregions (figure 4). MODIS and Landsat align best with ground observations during
Piedmont spring where regression slopes are closest to the 1:1 line (red dashed curve in figure 4). In
the Piedmont Forest, R is 0.41 for MODIS and 0.64 for Landsat in Spring (figures 4(c) and (f)). In
Piedmont Grasslands, performance improves to 0.51 and 0.67 (figures 4(b) and (e)), respectively. In con-
trast, Coastal Savannas show weaker agreement with R? < 0.23 for MODIS and 0.22 for Landsat across
all seasons (figures 4(a) and (d)). The highest seasonal values of R* for MODIS and Landsat in this
region are 0.29 for MODIS winter and 0.25 for Landsat autumn though R? values are similar across all
seasons. The low R? values likely result from variability in the number of longleaf pine trees and density
of understory vegetation across the nine Coastal Savanna sites. However, at any given site there is con-
sistent vegetation throughout the year whereas the Piedmont sites experience more intra-annual fluctu-
ations driven by seasonal changes in vegetation greenness.

Despite lower R? values, Coastal Savannas show more seasonally consistent relationships, especially
for Landsat, with consistent slopes across seasons (figure 4(a)). While Landsat fit lines generally match
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the 1:1 reference, the slopes are less than one, indicating overestimation of low ground-based LAI val-
ues and underestimation of high values. MODIS LAI consistently estimates higher values than ground-
based measurements, with most data and regression lines above the 1:1 line (figure 4(a)). MODIS likely
overestimates LAI compared to the gap fraction method with the LICOR in Coastal Savannas because it
interprets strong understory greenness within coarse, heterogeneous pixels as dense canopy structure [4],
failing to capture the open, clumped nature of these ecosystems.

In the Piedmont Forests, linear relationships vary considerably across seasons. Despite the variab-
ility, some of the highest values of R*> come from the Piedmont Forest, with an overall R* = 0.42 for
MODIS and 0.47 for Landsat (figures 4(c) and (d)). The two satellite-derived products performed com-
parably against ground-based measurements with consistent slopes of seasonal regressions, but variab-
ility in R? can be attributed to the small samples sizes (N =17 for 2022 through 2024). For example,

R? > 0.96 in autumn for both MODIS and Landsat, but N = 3, limiting the reliability of the regression.
More sampling is needed in the Piedmont Forest to draw more detailed conclusions about the agreement
of ground observations and remote sensing data.

In contrast to the Piedmont Forest and despite having 62 data points in winter for Piedmont
Grasslands, low LAI from MODIS and Landsat yield little correlation with ground observations (R? <
0.01, figures 4(d) and (e)). The patterns of regression lines in Piedmont Grasslands also shift by season.
Autumn and winter fall primarily under the 1:1 line, while spring estimates fall above it and summer
lines cross it. Moreover, the regression slope for MODIS summer is negative. Ground-based measure-
ments during summer indicate that the grasslands are covered with dense vegetation (LAI > 6 m>m~2),
at times more than double MODIS which is relying on biome specific parameters to interpret surface
reflection [4], underscoring the complexity of comparing satellite-derived and ground-based LAI. These
seasonal and regional patterns suggest that any efforts to adjust or interpret satellite-derived LAI should
take seasonal dynamics of vegetation phenology into account, especially during periods of rapid green-
up or peak growth [91-93]. Taken together, these results indicate that MODIS LAI likely represents an
upper bound on canopy density in the Piedmont Grasslands during peak growing conditions and should
be interpreted cautiously in assessing recovery and modeling ecosystem processes.

3.3. Uncertainty in measurements and observations of LAI

Uncertainty in ALAI (the difference between satellite and ground measurements) tends to be smallest
during spring and largest during summer (figure 5). As compared to ground observations, MODIS over-
estimates summer LAI for Coastal Savannas and underestimates it the Piedmont Grasslands (figure 5(a)).
While the spread in MODIS ALAI is large for both savannas and grasslands, their uncertainty ranges
(mean +1 standard deviation) hardly overlap after May, indicating ecoregion specific variation. Shaded
regions of ALAI are mostly negative after May for Piedmont Grasslands and positive for Coastal
Savannas. In contrast, Landsat shows similar uncertainties for summer LAI for all ecoregions, but under-
estimates autumn LAI in grasslands with larger standard deviations (figure 5 (b)). With fewer data
points (some months only having one), Piedmont Forest ALAI values are closer to zero and tend to

fall within the bounds of the Coastal Savannas and Piedmont Grasslands. The smaller ALAI uncertainty
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ranges for Landsat likely reflect reduced variability within the finer Landsat pixels relative to the coarser
MODIS pixels.

Interpretation of ALAI should account for the uncertainty in the inherent difference between
ground-based measurements and satellite observations. Satellite-derived LAI is strongly linked to vegeta-
tion greenness [4], while the gap-fraction approach from the ground-based estimates captures vegetation
density regardless of spectral reflectance. Despite being less green, or even brown, during the autumn
and winter, grasses remain ‘dense’ as seen by the LI-COR estimates, explaining some of the negative
bias in grasslands during these seasons. Finally, the LAI-2200 C averages over a footprint that expands
with canopy height causing the representativeness to vary across landscapes [59]. Stand homogeneity and
additional samples help reduce uncertainty; however, these differences should still be taken into account
when comparing point-level measurements with pixel-sized observations to analyze vegetation structure
and recovery.

3.4. Implications of variability in LAI for land managers and ecosystem modelers

Estimates of vegetation density play a critical role in understanding ecosystem function, managing fire

risk, and modeling land-atmosphere interactions. The variability among post-fire vegetation phenology
measurements has major implications for both land managers and ecosystem modelers. The following

sections examine limitations in satellite detection, consequences for ecosystem modeling, and the need
for improved ground validation in fire-adapted systems.

3.4.1. Detection of low intensity fire damage to vegetation by satellites

MODIS detected declines in LAI after the GS wildfire and logging at GR-Main, but detecting vegeta-
tion losses after prescribed fires is difficult due to rapid regrowth. Additional sources are often needed
to identify fire events, including burn reports and database records [94, 95]. Data from national agen-
cies like the Fire Information for Resource Management System (which uses moderate resolution satellite
data [96, 97]) and Monitoring Trends in Burn Severity (MTBS, which relies on surface reflectances from
Landsat [98]) can miss fires and underestimate burned area by more than 200% [99]. Furthermore,
MTBS only tracks large fires greater than 500 acres (approximately 200 hectares) in the eastern US, so no
fires in this study were recorded, though larger prescribed fires could be detected. From 2021 to 2024,
MTBS recorded 32 prescribed fires, totaling 16 000 ha across NC [100]. In contrast, the NCWRC repor-
ted over 1600 prescribed fires covering over 70000 ha in the same time period [101], and The Nature
Conservancy of NC burns over 16 000 ha in the state annually [102]. Combined, these figures suggest far
more burned area in NC than satellite-based national agencies report [103], consistent with other find-
ings in the region [29]. More accurate records of burned area might come from regional databases like
Southeast Prescribed Fire Permit Database [95] or the Southeast FireMap [104], but those records are
not specifically tracking pre- and post-fire vegetation density which may be useful for ecosystem model-
ers. Accordingly, our data offer complimentary measurements to accompany other database and remote
sensing observations enhancing our overall ability to assess post-fire vegetation regrowth dynamics and
highlighting observational limitations for modeling post-fire vegetation dynamics and land atmosphere
interactions.

3.4.2. Post-fire phenology and carbon and water cycling

Satellite derived estimates of LAI influence predictions of carbon and water fluctuations used in land-
surface models and remote sensing algorithms [19, 91, 92, 105]. The Southeastern US comprises a sub-
stantial portion of the nation’s fire-adapted landscapes [94], and the region plays an important role as

a global carbon sink [106], which may be vulnerable to changing fire regimes [3, 24]. Overestimating
LAI could inflate rates of carbon assimilation and evapotranspiration [70, 107], and vice-versa. Such
biases, or uncertainties, can propagate through Earth system models, distorting assessments of vegetation
productivity, water-use, and land-atmosphere feedbacks [108, 109]. The findings from this study can
help guide the development of empirical relationships between ground observations and remote sensing,
allowing for adjustments to LAI algorithms that account for seasonal dynamics and ecosystem-specific
characteristics at improved spatiotemporal resolutions [110]. Developing ecosystem-dependent scale
factors has been shown to improve estimates of near surface atmospheric aridity at local scales [111].

A similar approach can be implemented to improve or place bounds on LAI estimates, which in turn
enhances the accuracy of carbon assimilation, evapotranspiration, and water flux simulations in Earth
system models. Such adjustments will improve the reliability of satellite LAI products for use in Earth
system models that simulate vegetation carbon uptake and water fluxes.
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3.4.3. Need for ground validation in fire-adapted ecosystems

Discrepancies between ground-based and remotely sensed observations of canopy density also have
important implications for land managers, particularly in estimating fuel loads [112, 113] which are crit-
ical for predicting fire behavior during prescribed burn planning [114]. When land managers are estim-
ating fuel loads, they will want to consider dead vegetation density (i.e. LICOR observations) rather than
estimates based on greenness (i.e. satellite remote sensing methods). Improving understanding of post-
fire vegetation regrowth dynamics is essential, particularly through ground-validation campaigns that can
better inform widely-used remote sensing measurements. The fire monitoring community can use these
results to inform dataset selection when using rapid changes in vegetation to detect fire events [99].
Though grounded in NC, our results highlight broader challenges and opportunities for using satellite-
based vegetation monitoring in fire-adapted ecosystems worldwide [115].

4, Conclusion

Using ground and satellite-derived LAI from MODIS and Landsat, we demonstrated rapid post-fire
vegetation regrowth across NC ecoregions and identified sources of uncertainty that vary by region

and season, including land cover misclassifications, sub-pixel heterogeneity, and sensor variability.

These findings have implications beyond the study region and demonstrate the utility of ground-based
campaigns across diverse ecoregions to better characterize uncertainty in satellite monitoring of fire-
affected regions. Future research should develop empirical relationships between ground observations
and remote sensing to scale uncertainty assessments across larger burned areas [48], accounting for sea-
sonal variations in vegetation phenology that may influence discrepancies between ground and remotely-
sensed measurements of LAI. Biases in estimates of post-fire LAI propagate to carbon, water, and energy
exchanges. Misinterpreting the rate or extent of regrowth could lead to incorrectly assessing ecosystem
recovery and post-fire carbon assimilation. Additionally, land managers who use vegetation indices to
guide prescribed fire planning should consider uncertainties in post-fire regrowth and vegetation density,
as these affect fuel load estimates and the timing of future burns.
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