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A B S T R A C T   

Leaf area index (LAI) is a key variable describing ecosystem structure and influencing the exchange of carbon, 
water, and energy. LAI is often evaluated with indirect methods. However, the accuracy of indirect measure-
ments can vary with canopy structure and is not always generalizable across ecosystems. Previous research has 
characterized the accuracy of indirect methods for woody plants in forest ecosystems, but it is not well estab-
lished for woody plants in open ecosystems—despite having large differences in canopy structure. In this study, 
we compared direct LAI measurements in clonal grassland shrub canopies to three indirect methods: a cep-
tometer, a handheld 3D scanner (processed using EXScanPro-3.6 software), and NEON’s LAI product obtained 
from airborne hyperspectral imaging (derived from SAVI). To our knowledge, this is the first study to assess the 
accuracy of leaf area data in woody plants using a handheld 3D scanner and one of few studies assessing the 
accuracy of the National Ecological Observation Network’s (NEON) Airborne Observation Platform—our source 
of airborne hyperspectral imaging. Data were collected in tallgrass prairie undergoing woody encroachment and 
three treatments: no herbivore disturbance, bison present, and simulated browsing. We found that direct LAI 
measurements of control and grazed C. drummondii canopies averaged ~8.0. The ceptometer accurately esti-
mated LAI in non-browsed canopies but overestimated LAI of browsed canopies by 38 %. One-sided leaf area of 
ramets measured with a handheld 3D scanner was strongly related to direct measurements (r2=0.86), but 
underestimated leaf area at greater values. LAI estimated from airborne spectral data underestimated LAI by 55 
%. We conclude that a ceptometer was adequate for measuring LAI in dense shrub canopies when browsing was 
not present, the handheld 3D scanner was adequate for measuring leaf area of individual ramets, and the 
airborne spectral data was not suitable for estimating LAI of dense, grassland shrub canopies.   

1. Introduction 

Leaf surfaces are the point of interaction between plants and the 
aboveground environment, regulating processes from carbon exchange, 
light extinction, and evapotranspiration to canopy interception and 
energy balance. The most common characterization of leaf distributions 
within canopies are leaf area index (LAI) and leaf area density (LAD). 
LAI is the total one-sided area of leaf tissue per unit ground surface area, 
and it represents the two-dimensional distribution of leaves in canopies 
(Watson, 1947). Differences in LAI are the product of changes in the 
density of leaves and vertical length of a canopy. LAD is the total 
one-sided leaf area per unit canopy volume (Weiss et al., 2004). LAD is 

used to characterize vertical profiles of leaf density, providing a 
three-dimensional perspective of leaf distributions. The ability to char-
acterize leaf distributions has made LAI and LAD two of the most 
valuable and widely used measurements in the field of terrestrial ecol-
ogy (Bréda, 2003). 

LAI and LAD enable the integration of leaf-level process to larger 
scales, making them important variables in large-scale models that 
evaluate ecosystem structure and function, and project future climate 
change (Chase et al., 1996; Buermann et al., 2001; Fang et al., 2019). 
Most large-scale models are highly sensitive to changes in LAI (Chase 
et al., 1996). For example, erroneous LAI estimates from ignoring leaf 
clumping can cause a 13 % underestimation of global 
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evapotranspiration (Chen et al., 2018). Despite this sensitivity, 
large-scale models rely heavily on products from airborne and space-
borne observations whose accuracy is often unknown. When satellite 
products are evaluated, they are often compared against other indirect 
methods, whose measurements are also prone to inaccuracy (Yan et al., 
2019), potentially leading to a propagation of errors. Understanding the 
accuracy of indirect methods for evaluating LAI and LAD through 
comparison with direct methods is critical for scaling plant and 
ecosystem structure and function. 

Many methods exist to estimate LAI at scales ranging from leaves to 
landscapes (Bréda, 2003). The most accurate determination of LAI is to 
directly harvest leaves from sub-sections of a canopy and to individually 
measure leaf area using a leaf area meter or 2-D scanner (Bréda, 2003). 
This approach provides direct measurement of LAI but it is 
time-consuming and infeasible for measurements in tall canopies and at 
large scales. For this reason, indirect methods are commonly used to 
estimate LAI (Bréda, 2003). The gap fraction method uses optical sen-
sors such as plant canopy analyzers, ceptometers, or hemispherical 
photography to measure LAI from light transmission (Bréda, 2003; Yan 
et al., 2019), based on an expanded version of Beer-Lambert law 
developed by Monsi and Saeki (1953): 

I = Ioe(− k×LAI) (1) 

Where Io is the incident radiation above the canopy, I is the radiation 
transmitted through the canopy, and k is the coefficient of light 
extinction, which describes the rate of light extinction as light passes 
through foliage. k is influenced by leaf arrangement, leaf angles, and 
solar zenith angle (Waring, 1983; Zhang et al., 2014). Plant canopy 
analyzers can accurately estimate LAI for most small herbaceous species 
(Welles and Norman, 1991; Jonckheere et al., 2004). However, optical 
methods assume that canopy elements are randomly dispersed and have 
a spherical leaf angle distribution (Campbell, 1986; Bréda, 2003; 
Decagon Devices, 2004; Yan et al., 2019). In larger woody species, these 
assumptions are rarely met (Bréda, 2003; Yan et al., 2019). Canopies 
with clumped or over-dispersed leaf distributions are prone to under-
estimation or overestimation by optical methods (Nilson, 1971; Chen, 
1996; Fang et al., 2021), with LAI being underestimated by up to 70 % in 
clumped canopies (Chason et al., 1991; Smith et al., 1993; Stenberg, 
1996; Weiss et al., 2004). The effect of leaf distribution on optical 
methods is quantified using a canopy clumping index (Ω), defined as a 
ratio of the effective LAI (LAI measured with optical methods) to the 
actual LAI (Nilson, 1971; Fang et al., 2021). Optical methods can also 
overestimate LAI when the woody proportion of the canopy increases 
(Chen 1996; Grower et al., 1999; Yan et al., 2019), which is typically 
evaluated using the canopy wood-to-total area ratio (Chen, 1996; 
Smolander and Stenberg, 1996; Pokorný and Marek, 2000). 

Light detection and ranging (LiDAR), 3D scanners, and photogram-
metry have enabled the 3D modeling of canopies to evaluate LAI and 
LAD (Omasa et al., 2007; Wang and Fang, 2020). To create a 3D model, 
scans or photographs are taken around a plant canopy and aligned to 
create a 3D point cloud representation of the canopy (Zheng and Moskal 
2009). Point clouds are often converted to mesh models via surface 
reconstruction. Smoothing, hole filling, and other forms of processing 
can also be completed to improve the quality of the mesh model. LAI is 
estimated from the surface area of leaves from the model. 3D models can 
produce accurate LAI measurements (Thapa et al., 2018; Comba et al., 
2020; Wang and Fang, 2020), but they are prone to underestimation by 
occlusion effects, which occur when laser or light pulses are blocked by 
leaves inhibiting their contact with more distant leaves (Béland et al., 
2014; Soma et al., 2020; Jiang et al., 2021). Occlusion effects can be 
alleviated with a greater number of scanning locations and point density 
but become inevitable at high LAD (Soma et al., 2020; Jiang et al., 
2021). Handheld 3D scanners may alleviate occlusion effects by offering 
a theoretically unlimited number of scan locations (Ryding et al., 2015; 
Bauwens et al., 2016). However, at present, the accuracy of LAI 

estimates from 3D handheld scanners is uncertain. 
Remote sensing offers considerable promise for landscape-level 

ecological research, via long-term monitoring of ecological phenom-
ena at fine to global spatial scales (Yang et al., 2013). Spectral imaging 
from remote sensing platforms is a common method for estimating LAI. 
Hyperspectral images capture information for an object across many 
spectral bands—often 100 s to 1000s of wavelengths of light (Adão et al., 
2017; Lu et al., 2020). Previous studies have established a strong rela-
tionship between spectral reflectance and LAI, leading to the use of 
regression and machine learning techniques to estimate LAI from spec-
tral bands and vegetation indices (Haboudane et al., 2004). However, 
we lack a single model to predict LAI based on spectral inputs (He et al., 
2020), and therefore, these methods often require validation and cali-
bration against rigorous ground-based LAI measurements (Asner et al., 
2015; Pau et al., 2022). With a better understanding of the relationship 
between spectral reflectance and LAI across species and ecosystems at 
various scales, we can identify if and where approaches using hyper-
spectral data need improvement. 

The accuracy of indirect methods for estimating LAI and LAD are 
well understood in forest ecosystems (Chason et al., 1991; Dufrêne and 
Bréda, 1995; Chen et al., 1997; Cutini et al., 1998; Pokorný and Marek, 
2000), but they are not well established for woody plant canopies in 
open ecosystems, including grasslands, savannas, and shrublands (Ryu 
et al., 2010). Woody plants are common in even the most open ecosys-
tems (Brandt et al., 2020), and they exhibit large differences in canopy 
structure compared to closed forests (Givnish, 1988), potentially influ-
encing the accuracy of indirect LAI measurements. For example, leaf 
inclination angles vary with canopy depth in forest ecosystems but 
remain relatively constant for some tree species in open ecosystems 
(Niinemets, 1998; Ryu et al., 2010; Raabe et al., 2015; de Mattos et al., 
2020). Open ecosystems also tend to be more disturbance prone than 
closed ecosystems causing greater variability in woody plant commu-
nities, vertical growth, and a mix of open and shade-grown growth 
habits (Archibald and Bond, 2003; Dantas and Pausas, 2013; Charles--
Dominique et al., 2018). In ecosystems where fire is frequent, woody 
species often exhibit dense multilayer canopies to reduce understory 
biomass, facilitating fire escape (Archibald and Bond, 2003; Lett and 
Knapp, 2003; Brantley and Young, 2007). In ecosystems with high 
browsing pressure, woody plants develop high densities of branches and 
stems to form a protective ‘cage’ of woody biomass (Archibald and 
Bond, 2003; Staver et al., 2012; Charles-Dominique et al., 2017). These 
differences in canopy structure in open ecosystems are likely influencing 
the accuracy of indirect LAI measurements. 

To evaluate the accuracy of indirect methods for estimating LAI, 
LAD, and leaf area in woody plant canopies of open ecosystems, this 
project compared three indirect methods against direct measurements in 
the dense, clonal canopies of Cornus drummondii C.A. Mey, the pre-
dominant encroaching shrub in the Kansas tallgrass prairie. To better 
understand the effects of grassland disturbance on the accuracy of in-
direct measurements, LAI comparisons were made on C. drummondii 
islands that experience three herbivory treatments: control (no herbiv-
ory), areas with bison present, and artificial removal of leaves to 
simulate elk herbivory (sensu Tooley et al., 2022). We included these 
treatments because plains bison (Bison bison) were the most abundant 
and widespread grazer and elk (Cervus canadensis) were the most 
widespread large browser in North America before European arrival. We 
hypothesized that: (1) ceptometer LAI measurements will underestimate 
direct LAI in dense C. drummondii canopies and become more pro-
nounced in high LAD canopy sections. (2) A 3D handheld scanner will 
accurately estimate the one-sided leaf area of individual C. drummondii 
ramets when leaf area is low but deviate from this trend at larger leaf 
area values. (3) LAI derived from the National Ecological Observatory 
Network’s airborne observation platform (NEON AOP) will produce 
poor LAI estimates for all treatments, similar to Pau et al. (2022). 
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2. Materials and methods 

2.1. Site description 

The study was conducted from mid-June through early July 2020 at 
the konza prairie biological station (KPBS), a 3487-ha native tallgrass 
prairie in the northern Flint Hills ecoregion of Kansas, USA. KPBS is 
divided into experimental watershed units, each with a prescribed burn 
treatment and grazing treatment. Both watersheds used in the study 
consisted of 4-year fire return intervals and have substantial encroach-
ment by woody shrubs (Cornus drummondii, Rhus glabra, Prunus ameri-
cana) (Ratajczak et al., 2014). 

2.2. Experimental design 

For this study, we evaluated the accuracy of indirect methods for 
estimating LAI in C. drummondii canopies across a vertical canopy pro-
file. We also evaluated the influence of three treatments (browsing, 
grazing, and their absence—control). C. drummondii forms clonal shrub 
islands with dense closed canopies (see Fig. 1 for illustration). Shrub 
islands typically contain ~10–40 stems per square meter that expand 
radially using rhizomatous stems (Heisler et al., 2004; Wedel et al., 
2021). Stem diameter typically varies from 3 to 50 mm basal stem 
diameter, with mean stem diameter of 20 mm. At maturity, islands of 
C. drummondii can exceed 10 m in diameter and have LAI values of ~8, 
despite having heights of only 2–4 m (Knapp et al., 2008; Ratajczak 

et al., 2011; Tooley et al., 2022). Fire is the main factor limiting the 
expansion of C. drummondii shrub islands (Ratajczak et al., 2014). When 
fire frequency is low, clonal islands expand and converge until they 
cover most of the landscape and leading to a closed canopy system. 

Two experimental watersheds—one ungrazed (K4A) and one grazed 
(N4D)—were used to evaluate the effects of simulated browsing, graz-
ing, and their absence (control) on the accuracy of LAI measurements in 
C. drummondii canopies. Both watersheds have experienced prescribed 
burns at a 4-year fire return interval since the 1980′s. However, water-
shed N4D has been continuously grazed by Great Plains bison (Bison 
bison) since 1992, while watershed K4A does not contain any large 
mammalian grazers. Ten distinct C. drummondii shrub islands were 
randomly selected across watershed K4A and assigned to the control and 
browsed treatments (5 islands/treatment), and five islands were selected 
across watershed N4D for the grazed treatment. C. drummondii islands in 
the control treatment ranged from 2.02 to 2.45 m in the control treat-
ment, 1.83 to 2.47 m in the browsed treatment, and 2.03 to 2.85 m in the 
grazed treatment. 

For islands in the browsed treatment, leaves were artificially 
removed to simulate elk browsing following the protocol of O’Connor 
et al. (2020) prior to LAI measurements (May 27th – June 1st). Fifty 
percent of an island’s leaves along with significant amounts of new, 
non-woody stems were removed by hand causing occasional terminal 
bud damage and stem fraying. This process was done as evenly as 
possible throughout the entire canopy. After removal, leaves were 
deposited outside the study area. Islands in the grazed treatment differed 

Fig. 1. Top: image of a C. drummondii shrub island with some of its interior removed to illustrate the dense canopy structure. Bottom: schematic illustrating the 
vertical gradient of canopy depths (0, 50, 100, 150 cm), and canopy sections (0–50, 50–100, 100–150, 150–200 cm) in Cornus drummondii canopies. Shrub animation 
by Rachel Keen with modifications. 
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from the browsed treatment since bison do not consume C. drummondii 
foliage. However, grazing alters fire intensity and spread, indirectly 
promoting woody species (Briggs et al., 2002; Van Langevelde et al., 
2003; Ratajczak et al., 2014). Bison also trample stems and bed in 
C. drummondii islands, reducing woody plant abundance and resulting in 
a more open canopy structure (Ratajczak et al., data). 

2.3. Direct measurements 

To evaluate LAI, LAD, and ramet leaf area directly, a 1 m2 quadrat 
was placed near the centers of shrub islands in the area containing the 
tallest ramets. All ramets in the quadrat were cut at ground level, placed 
in water, and transported to an indoor facility for direct measurements, 
which were conducted within 3 h of cutting. Before leaf removal, we 
performed 3-D scans of three large ramets (see below for methods). After 
scanning, LAI and LAD were directly measured by harvesting all leaves 
from the cut ramets and scanning with a LI-3100C leaf area meter (Li- 
COR Biosciences, Lincoln, NE USA). Leaves were harvested in 50 cm 
sections along a vertical canopy gradient (0–50 cm, 50–100 cm, 
100–150 cm, and 150–200 cm) (Fig. 1). The height of the tallest ramet in 
the quadrat was considered the top of the canopy (0 cm depth). LAI was 
measured for each canopy section and LAD was derived from the LAI and 
vertical height increment of the section. Cumulative LAI was calculated 
for each canopy depth by adding the LAI of all sections above the given 
depth. We also determined the coefficient of light extinction (k) for 
canopy sections. k describes the efficiency of light extinction in a canopy 
(Zhang et al., 2014). For each canopy section, k was calculated using the 
directly measured LAI and the fraction of PAR interception between the 

top (Itop) and bottom (Ibottom) of the section. k was calculated as: 

k = − ln
(

Ibottom

Itop

)

×
1

LAI
(2) 

We also evaluated the canopy clumping index (Ω) for canopy sec-
tions by dividing the ceptometer LAI from the direct LAI. 

2.4. Handheld 3D scanner 

One-sided leaf area and leaf inclination angles (θL) of individual 
C. drummondii ramets were evaluated using an EinScan Pro 2X Plus 3D 
handheld scanner. The handheld scanner collects 3D data using an LED 
light source. The scanner has multiple modes of scanning; handheld 
rapid scan was the mode used for this study. This mode has a scan ac-
curacy of up to 0.1 mm, a frame rate of 30 frames per second, and a point 
distance of 0.23 – 3 mm. The scanner resolution was set to roughly 1.0 
mm. This scanner is meant for scanning small to medium sized objects in 
an indoor environment. It has a working distance of 51 cm and a depth 
of field of roughly 10 cm. Thus, canopies taller than ~10 feet and those 
with large circumference canopies would be unfit for use with this 
scanner. Three large ramets from each quadrat were randomly selected 
for scanning. Each ramet was clipped at the base, transported indoors, 
and scanned to create a 3D point cloud of the ramet. Scanning was 
completed from all directions for roughly 10 min per ramet. EXScanPro- 
3.6 software was used to convert point cloud data into mesh models to 
evaluate one-sided leaf area and θL. Mesh models were created using the 
unwater tight model option in EXScan Pro-with minimal post- 
processing. One-sided leaf area was calculated as half the total area of 

Fig. 2. Panels illustrating leaf inclination angle (θL) measurements. The left panel illustrates the first step of the measurement process. Cartesian coordinates were 
defined for the scanned ramet, with the Z-axis (blue) representing the zenith. The right panel illustrates the θL measurement for an individual leaf. The leaf surface 
normal was derived from the cross product of two vectors spanning the length and width of the leaf. θL was calculated as the angle between the leaf surface normal 
and the zenith. 
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the scan, to avoid counting both tops and bottoms of leaves. Each scan 
consisted overwhelmingly of leaves as most branches were not readily 
picked up by the scanner due to their diameter and coloration (see Fig 
2A for an example). θL was defined as the angle between the leaf surface 
normal and the zenith (Ross, 1981; Ryu et al., 2010), and was calculated 
manually using EXScanPro-3.6 software. (See Fig. 2 for method). Each 
leaf was treated as a flat plane. The surface normal was calculated from 
the cross product of two intersecting vectors spanning the length and 
width of the leaf (Fig. 2). θL was calculated as: 

θL = cos− 1
(

VNormal ⋅ VZenith

|VNormal||VZenith |

)

(3) 

Where VNormal is the surface normal vector (x, y, z), VZenith is the 
zenith vector (0, 0, 1), and the dot operator ‘⋅’ represents the dot product 
operation. θL was measured at varying canopy depths for ~50 randomly 
selected leaves per harvested quadrat of C. drummondii. 

2.5. Ceptometer LAI and light availability 

Ceptometer measurements of LAI and PAR were taken over a 1 m2 

area near the marked, harvested area using an AccuPAR-LP-80 cep-
tometer. Measurements were taken in sunny conditions between the 
times of 12:00 and 15:00 CST across a vertical canopy gradient con-
taining four canopy depths: 0 cm (the top of the tallest ramet), 50 cm, 
100 cm, and 150 cm (Fig. 1). For each LAI measurement, eight PAR 
measurements were taken and averaged directly outside the canopy and 
at a given canopy depth. Measurements were taken from four directions 
(two measurements per direction; 90-degree rotation between di-
rections). Ceptometer LAD was calculated by converting canopy depths 
(0, 50, 100, 150 cm) to canopy sections (0–50 cm, 50–100 cm, and 
100–150 cm). The LAD of each canopy section was calculated from the 
difference in LAI between the top and bottom of the section. 

2.6. NEON AOP 

NEON’s LAI data product (DP2.30012.001; accessed August 5th, 
2022) was downloaded for July of 2020 at Konza Prairie Biological 
Station (NEON, 2022). The LAI product estimates the ratio of upper leaf 
surface area to ground area using a NEON imaging spectrometer, which 
is flown in flight lines at 1000 m above ground level (NEON, 2022). The 
timing of the fly-over is targeted for when the site is at 90 % peak 
greenness, which fell at the end of our sampling campaign (July 7th – 
13th). The NEON imaging spectrometer (NIS) provides 420 discrete 
5-nm bandpasses between 380 and 2500 nm for each pixel at a spatial 
resolution of 1 m (NEON, 2022). To generate reflectance data, raw NIS 
flight line data is processed by NEON to at-sensor radiance using NEON 
lab and onboard calibration information and then orthorectified using a 
digital surface model from co-collected lidar data. Atmospheric correc-
tion and processing of orthorectified at-sensor radiance to directional 
surface reflectance are completed using the modeling package ATCOR 
(NEON, 2022). Soil adjusted vegetation index (SAVI) is calculated from 
surface reflectance as the normalized ratio of 850 nm to 650 nm bands of 
light, after corrections applied to minimize the contribution of soil. More 
information about the NEON LAI product can be found on the NEON 
website (https://data.neonscience.org). 

To estimate LAI with the NEON AOP data, the geographical co-
ordinates were recorded for the 15 islands of C. drummondii. The har-
vested location for direct measurements was identified within each 
island in QGIS using NEON AOP’s high-resolution orthorectified camera 
imagery product (NEON, 2022). The location was also confirmed 
through its reduced LAI value in the NEON LAI data product. The LAI of 
pixels surrounding the interior facing side of the harvested location were 
extracted and a pixel containing a near-average LAI was selected (see 
Fig. S1 for LAI extraction method). 

2.7. Statistical methods 

Analysis was done in R version 4.0.2 (R Core Team, 2023). Gener-
alized linear models were used to evaluate the response of direct cu-
mulative LAI, direct LAD, canopy Ω, and sectional Ω to depth and 
treatment. A two-way ANOVA and Tukey’s HSD test were performed to 
identify significant differences (α < 0.05). All other relationships were 
evaluated with a global generalized linear model containing all pre-
dictor variables and all possible interaction terms (Table S1; Table S2). 
Transformations using log and squared terms were tested for compari-
sons with potential non-linear relationships. In the case of rank defi-
ciency, multiple global models were used for separate predictor 
variables. For each generalized linear model, the best-fit model was 
selected based on the lowest AICc score and a difference of at least two 
units. The model selection tool ‘dredge()’ from the MuMIn package was 
used for AICc selection (Barton, 2015). For each best-fit model, an 
ANOVA was used to estimate the significance of model parameters, and 
regression analysis was performed to determine the strength of the 
model. For LAI comparisons between direct and indirect methods in the 
absence of other factors, a linear model was performed to determine the 
coefficient of determination (r2). 

3. Results 

3.1. Direct measures of LAI and LAD 

Direct measurements of cumulative LAI (LAIdirect) and LAD (LADdir-

ect) in C. drummondii canopies varied by treatment, depth, and their 
interaction (Table 1). Mean LAIdirect was 7.6 for canopies in the control 
and grazed treatments and 3.2 in the browsed treatment (Fig. 3A). For 
all treatments, LADdirect of horizontal canopy sections was greatest in the 
50–100 cm section compared to other canopy sections and contained 
nearly half of the canopies total LAI (Fig. 3b). 

3.2. Comparison of methods 

Cumulative ceptometer LAI (LAIcept) regressed against LAIdirect 
revealed a strong linear relationship with a slope of 0.89 (r2=0.85; 
Fig. 4c). The relationship between LAIcept and LAIdirect did not vary 
significantly by treatment and treatment was not included in the best-fit 
model (Table S2, Table S3). Despite this, the ceptometer overestimated 
LAIdirect in the browsed treatment by 36 % and most values fell above the 
1:1 comparison line (Fig. 4a), 

The clumping index (Ω) of canopy sections varied by treatment, with 
a significantly greater Ω in the browsed treatment than the other 

Table 1 
ANOVA results summarizing the effects of the categorical predictor variables on 
the response variables. All significant effects (P < 0.05) are denoted with an 
asterisk (*). Abbreviations: LAI = leaf area index; LAD = leaf area density; k =
coefficient of light extinction; θL = leaf inclination angle; Ω = clumping index.  

Response Variable Predictor Variable DF F P 

LAI Depth 
Treatment 
Depth*Treatment 

4 
2 
8 

69.8 
39.1 
4.39 

<0.001 * 
<0.001 * 
<0.001 * 

LAD Section Depth 
Treatment 
Section Depth*Treatment 

3 
2 
6 

43.9 
17.0 
4.18 

<0.001 * 
<0.001 * 
0.00185 * 

k Section Depth 
Treatment 
Section Depth*Treatment 

2 
2 
4 

4.57 
3.79 
1.09 

0.0175 * 
0.0327 * 
0.375 

θL Section Depth 
Treatment 
Section Depth *Treatment 

2 
2 
4 

0.21 
80.0 
0.51 

0.81 
<0.001 * 
0.73 

Ω Section Depth 
Treatment 
Section Depth*Treatment 

2 
2 
4 

3.30 
4.76 
0.982 

0.0492 * 
0.0151 * 
0.430  
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treatments (Fig. 5b; Table 1). Mean Ω in the control and grazed treat-
ments were ~1.0, while mean Ω in the browsed treatment was 1.57 
(Fig. 5b). Ω of individual canopy sections also varied by depth with a 
greater Ω in the 0–50 cm depth compared to the other depths (Fig. 5a; 
Table 1). 

LAD measured using a ceptometer (LADcept) and LADdirect had a 
significant linear relationship (r2=0.52; Fig. 4d). However, the rela-
tionship between the ceptometer measurements and the direct mea-
surements of LAD was much weaker than their relationship for 
measurements of LAI (Fig. 4). The best-fit model explaining LADdirect 
only included LADcept (Table S2). 

Comparison of the one-sided leaf area of individual ramets measured 
using the handheld 3D scanner (LA3D) and direct measurements (LAdir-

ect) revealed a strong linear relationship (r2= 0.86). However, the slope 
of the linear regression model was 0.66, leading to an underestimation 
of LAdirect by the 3D scanner with increasing leaf area (Fig. 4d). 

LAI derived from NEON AOP (LAINEON) had a linear relationship 
with LAIdirect (r2= 0.67). However, LAINEON underestimated LAIdirect by 
more than 50 % and had a limited range of values compared to LAIdirect. 
LAINEON ranged from 1.5- 3.7 while LAIdirect ranged from 2.2- 11.0 (Fig 
4e). The slope of the relationship between LAINEON and LAIdirect was 
0.24, causing a greater underestimation by LAINEON at higher values. 
This result was possibly due to LAINEON values saturating around 3.5, 
while LAIdirect continued to increase as one-sided leaf area increased. 
Similar results were found for the relationship between LAINEON and 
LAIcept (R2 = 0.70; Fig. 4e). LAIcept had a similar range of values to 
LAIdirect while LAINEON remained constant after reaching an LAI value of 
~3.5. For comparisons between treatments, LAINEON was lower in the 
browsed treatment compared to the control (P < 0.001) and grazed 
treatments (P = 0.001), a result supported by the findings from the 
direct method (Table 1; Fig. 3a). 

3.3. Mechanisms 

Leaf inclination angles (θL) in C. drummondii canopies varied be-
tween treatments, but no differences were found by canopy depth 
(Table 1). Mean θL was similar between the browsed (53.3◦) and grazed 
(52.6◦) treatments, but more horizontally inclined in the control treat-
ment compared to the other two treatments (33.9◦; Fig. S2). 

The coefficient of light extinction (k) varied by treatment and canopy 
depth (Table 1). k was greater in the browsed treatment compared to the 
grazed treatment, but neither treatment differed significantly from the 
control treatment (Fig. 6c). By canopy depth, k was lowest in the 0–50 
cm section compared to the other sections (Fig. 6b). k was also affected 

by LAD (Table 2). LAD was included in the two best-fit models, which 
performed similarly at explaining differences in k (Table S1). The first 
model included LAD and depth (R2=0.50, Table 2). This model revealed 
a decrease in k with increasing LAD for the 0–50 cm and 100–150 cm 
depths, but a consistently low k at the 50–100 cm depth. The other best- 
fit model only included log(LAD) (r2 = 0.41; Table S1). In this best-fit 
model, k decreased exponentially with increasing LAD (Fig. 6a). 

4. Discussion 

The most common methods for evaluating LAI are indirect estimates, 
using optical instruments, LiDAR, and hyperspectral imaging (Bréda, 
2003; Zheng and Moskal, 2009). However, the accuracy of indirect 
methods is not always evaluated, despite many of these methods, such as 
LiDAR, being relatively new and canopy characteristics having sub-
stantial effects on their accuracy (Chen et al., 1997; Pokorný and Marek, 
2000; Bréda, 2003; Ryu et al., 2010; Fang et al., 2019). In open eco-
systems including grasslands and savannas, woody plant abundance has 
increased rapidly in a phenomenon called “woody plant encroachment” 
(Archer et al., 2017; Stevens et al., 2017). Woody plants in open eco-
systems exhibit large differences in canopy structure from their closed 
forest counterparts, potentially influencing the accuracy of indirect LAI 
measurements. In this study, we evaluated the accuracy of indirect 
methods in encroaching grassland shrub canopies, finding that: 1) an 
AccuPAR LP-80 ceptometer accurately estimated LAI in grazed and 
ungrazed watersheds but overestimated LAI by 38 % in the presence of 
simulated browsing. 2) An EinScan Pro 2X Plus 3D handheld scanner 
estimated the one-sided leaf area of individual ramets with high preci-
sion but tended to underestimate leaf area and became more biased in 
canopies with larger leaf areas. 3) Remotely sensed LAI estimates from 
NEON’s airborne observatory platform were correlated with direct LAI 
values but underestimated LAI by 55 %. 

4.1. Comparison of methods: ceptometer 

Ceptometers and plant canopy analyzers often underestimate LAI of 
woody tree species (Bréda, 2003; Yan et al., 2019), with LAI estimates 
occasionally saturating between 5- 6 (Gower et al., 1999). However, our 
findings revealed that the ceptometer accurately estimated direct LAI for 
both control and grazed treatments. We speculate that accurate LAI 
estimates in our study—rather than underestimations—may be due to 
canopies of clonal island forming shrubs having a greater portion of 
woody components compared to typical tree species. While woody 
components were not evaluated in the current study, they are a 

Fig. 3. Direct cumulative LAI measurements by canopy depth and LAD of vertical canopy sections in C. drummondii canopies varying by treatments (browsed, 
control, grazed). Point and whiskers represent the mean ± standard error. 
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significant factor influencing estimations of LAI in woody plant canopies 
(Chen, 1996; Yan et al., 2019). Previous studies have found that woody 
components can contribute between 3 and 40 % of the total LAI esti-
mated for tree species by plant canopy analyzers (Gower et al., 1999; 
Bréda, 2003). Bréda 2003 found that the wood area index could be as 
high as 2.45 for Quercus canopies. Woody shrubs in grasslands and sa-
vannas can contain greater numbers of stems and branches compared to 
typical woody plants giving them a ‘cage’ structure to reduce herbivory 
(Staver et al., 2012; Charles-Dominique et al., 2017; Fig. S3). Extra 
woody surface area can potentially increase ceptometer estimates of LAI 
reducing their underestimation (Fig. S3). Alternatively, it is possible 
that C. drummondii canopy elements are more randomly dispersed (less 

clumped) than typical tree species. Non-random leaf dispersion 
(clumping) is the most common cause of underestimation in tree can-
opies (Nilson 1971; Chen et al., 1997; Bréda, 2003). The underestima-
tion of LAI from clumping is typically high enough to exceed the 
additional LAI contributed from the woody elements of tree cano-
pies—hence the overall underestimation by plant canopy analyzers. 
Therefore, an unknown is the extent to which woody components vs leaf 
dispersion influenced estimates of LAI by the ceptometer. 

For the browsed treatment, we found that the ceptometer over-
estimated LAI by 38 %. Browsed canopies had a greater rate of light 
extinction per LAI (k) compared to the control and grazed treatments, 
despite having the most vertically inclined leaves. Increased k in the 

Fig. 4. Linear regression models of the relationships between direct and indirect measurements of the variables: (A) ceptometer LAI varying by treatment, (B) 
ceptometer LAD varying by treatment, (C) cemptometer LAI, (D) ceptometer LAD, (E) NEON LAI, (F) 3D scanner one-sided leaf area of individual ramets. The dashed 
grey line denotes a 1:1 comparison between methods. 
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Fig. 5. The clumping index for C. drummondii canopy sections varying by depth and treatment.  

Fig. 6. The coefficient of light extinction (k) of C. drummondii canopy sections varying by (A) Leaf area density, (B) depth, and (C) treatment. Point and whiskers 
represent the mean ± standard error of measurements. 
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browsed treatment was likely due to decreased leaf clumping since k was 
greater in less dense canopy sections in all treatments. Additionally, 
increased k and the overestimation of LAI in browsed canopies were 
likely the result of a greater wood to leaf ratio compared to control and 
grazed canopies (Chen, 1996; Yan et al., 2019), since browsed canopies 
had leaves removed while woody components were mostly left intact. 
The extent of the effect of wood to leaf ratio was not measured here, but 
woody components have been found to make up 21–22 % and 11 % of 
the total plant area index in aspen and oak-hickory forests (Chason et al., 
1991; Chen et al., 1997; Gower et al., 1999), and woody-encroaching 
species can contain more stems and branches than forest species (Sta-
ver et al., 2012; Charles-Dominique et al., 2017). Theoretically, a 
reduction in leaves would influence ceptometer LAI estimates, which do 
not differentiate between woody and leafy canopy components. 

The high sensitivity of ceptometer LAI to simulated browsing has 
significant implications for indirect LAI measurements in open ecosys-
tems. Open ecosystems contain many of earth’s remaining megafaunal 
browsers, which play a key role in shaping plant communities (Char-
les-Dominique et al., 2016; Malhi et al., 2016). In areas with large intact 
populations of megafaunal browsers, such as the African Serengeti, high 
intensity browsing may bias LAI estimates. In the North American Great 
Plains, populations of browsing herbivores including elk (Cervus ela-
phus), mule deer (Odocoileus hemionus), and pronghorn (Antilocapra 
americana) were largely extirpated in the late 19th century (Shaw and 
Lee, 1997; Rickel, 2005). Today, browser reintroductions have been 
proposed as a management strategy for combating woody plant 
encroachment (O’Connor et al., 2020; Wilcox et al., 2022). In locations 
where browsers have been reintroduced, approaches using ceptometers 
and other plant canopy analyzers will likely require site- and 
species-specific calibration. 

4.2. Comparison of methods: handheld 3D scanner 

Handheld 3D scanners are a promising tool for capturing complex 3D 
structural traits and are typically used for plant phenotyping of smaller 
crop species. To our knowledge, this specific technology has not been 
used to evaluate leaf area of woody plant canopies. The 3D handheld 
scanner had the best relationship with direct leaf area measurements, 
but it underestimated the leaf area of ramets with increasing bias at 
larger leaf areas. The occlusion effect likely drives this underestimation 
(Béland et al., 2014; Jiang et al., 2021). On multiple occurrences, we 
noticed that parts of leaves in the centers of larger crowns were not 
captured in scans. Occlusion effects are common when estimating LAI 
with other 3D scanning methods such as terrestrial lidar. Machine 
learning and automated gap filling can be used to reduce underestima-
tion but were not used in the study. Previous research has also developed 
occlusion correction techniques, such as 3D kriging, to interpolate 
occluded areas (Soma et al., 2020). More research is needed to deter-
mine the applicability of occlusion correction techniques to handheld 3D 
scanners and scanners using LED instead of lidar as a source of detection. 
In addition to underestimation from leaf occlusion, leaf portions on the 
ends of branches were sometimes absent in scans due to the loss of po-
sition tracking while scanning. This often occurred on longer isolated 
branches and would potentially increase in species with less compact 
canopies. While leaf occlusion and the loss of position tracking led to 

some underestimation, the handheld 3D scanner had a strong relation-
ship with direct measurements while requiring minimal post-processing 
(r2 = 0.86). The finding indicates that 3D handheld scanners are a 
promising tool for evaluating leaf area of small to medium sized 
canopies. 

4.3. Comparison of methods: remote sensing NEON AOP 

Remote sensing could theoretically provide wall-to-wall measure-
ments of encroachment and ensuing changes in LAI at the landscape 
scale. Previous studies have produced accurate LAI estimates with 
spectral remote sensing in some environments, including deciduous 
forest, shrubland, grassland, and cropland (He et al., 2020; Brantley 
et al., 2011; Potithep et al., 2013; Li et al., 2016; Huete, 1988; Zheng and 
Moskal, 2009). Our findings revealed a large, consistent, underestima-
tion of LAI by the NEON AOP data, with most LAI estimates similar to 
those reported previously in the herbaceous open tallgrass prairie (Pau 
et al., 2022). Underestimation of LAI by the NEON LAI data increased at 
greater LAI. This result could indicate that the NEON LAI data is accu-
rate but needs clumping corrected. However, underestimation of LAI 
may also be due to a saturation effect since NEON LAI estimates 
asymptote at~3.5, while direct LAI measurements continue to increase. 
Saturation is common for spectrometry LAI estimates in dense canopies, 
but typically occurs at higher values (Huete et al., 1997; Fang et al., 
2019; Zhen et al., 2021). Saturation effects were found at similar LAI 
values (~3–4) for remotely sensed LAI estimates in canopies of Morella 
cerifera—another dense encroaching shrub (Brantley et al., 2011). 
Despite this, the NEON LAI data had a significant correlation with direct 
measurements, suggesting a potential to develop usable LAI products 
from this data. However, in its current state, the NEON LAI product is 
not suitable for ‘off the shelf’ usage of LAI for woody encroaching shrub 
canopies. 

5. Conclusions 

LAI is one of the most fundamental measurements in plant ecology. 
However, direct measurements of LAI consume large amounts of time 
and effort, which has spurred the creation of indirect methods. While 
many indirect methods are promising, they are often used without 
examining their accuracy. Comparing three very different measure-
ments of LAI, we found that the ceptometer performed well at estimating 
the high LAI of C. drummondii shrub canopies when browsing was not 
present. However, the accurate LAI estimates may be due to the amount 
of woody stems in these canopies (Fig. S3). Future research is needed to 
better understand the accuracy of the ceptometer in dense clonal shrub 
canopies after accounting for woody materials. The recently developed 
Einscan Pro 2X Plus 3D scanner had high precision for estimating the 
one-sided leaf area of individual C. drummondii ramets but tended to 
underestimate at greater leaf area. The high precision and linear rela-
tionship between the 3D scanner and direct measurements makes this 
method suitable for estimating leaf area with the use of a simple 
correction factor. In contrast, airborne spectral data drastically under-
estimated LAI and requires further calibration to provide accurate wall- 
to-wall values of LAI for dense shrub canopies in grassy ecosystems. 
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Table 2 
ANOVA results for variables measured using direct methods in best-fit regression 
models. All significant effects (P < 0.05) are denoted with an asterisk (*). Ab-
breviations: k = coefficient of light extinction; LAD = leaf area density.  

Variable Model Parameters DF F P R2 

k Best Fit LAD 
Depth 
LAD*Depth 

1 
2 
2 

19.3 
0.61 
8.39 

<0.001* 
0.55 
<0.001* 

0.50 

Best Fit log(LAD) 1 27.9 <0.001* 0.41  
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