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Tree canopies exert stronger controls than 
understory vegetation on hydrologic processes. 
Forest type, density, and dynamics (i.e., 
disturbance) affect the relative magnitudes 
of hydrologic fluxes such as interception, 
transpiration, evaporation, infiltration, and runoff. 
Although many distributed, physically based 
hydrologic models are capable of distinguishing 
overstory vs. understory influences on water 
resources, most assessments lack stratified canopy 
data and thus rely on remote sensing-based 
estimates of total leaf area index (LAI) (Goeking 
and Tarboton 2020).

The Forest Inventory and Analysis (FIA) 
Program collects detailed information on forest 
characteristics that affect hydrologic processes. 
Although FIA does not collect LAI observations, 
FIA data can be used to estimate LAI based 
on empirical or physical relationships. The 
objectives of this study are: (1) to compare 
methods of estimating plot-scale LAI from FIA 
data, and (2) to combine plot-scale LAI estimates 
with remote sensing, climatic, and topographic 
variables in a machine-learning algorithm 
to produce maps of LAI. We addressed our 
objectives using 421 forested FIA plots measured 
between 2008 and 2017 within the South Fork 
Flathead watershed, Montana, and surrounding 
area (fig. 1).

To address our first objective, LAI was estimated 
using five different methods (table 1) at each 
FIA plot. Three methods were presented in 
previous studies and only estimate overstory 
LAI (table 1). Two methods are novel and are 
described here. Method LAI4 relies on tree and 
understory vegetation data (USDA 2019) to 
estimate proportional canopy volumes by stratum 

(overstory vs. understory) and then uses those 
proportions to partition total LAI from Moderate 
Resolution Imaging Spectroradiometer (MODIS) 
satellite data (Xiao and others 2014) into separate 
overstory and understory LAI values. Overstory 
canopy volume is calculated as percent tree cover 
multiplied by tree height and compacted crown 
ratio. Understory canopy volume is calculated 
as percent cover in each vegetation layer (USDA 
2019) multiplied by half of the depth of that layer. 
Method LAI5 uses percent cover of vegetation 
as inputs to Beer’s law, where clumping indices 
(Chen and others 2005) are applied to specific 
life forms for understory LAI and forest types for 
overstory LAI (Burrill and others 2018).

We compared the five plot-scale overstory LAI 
estimates with a 30-m Landsat-based map of total 
LAI (Ganguly and others 2012). Caveats of using 
remote sensing-based LAI for validation are: 
(1) it requires a single time period of imagery, and 
(2) estimates based on remote sensing are known 
to underestimate LAI when overstory vegetation 
is sufficiently dense that no additional understory 
or lower-canopy leaf area can be detected from 
the air (Nemani and other 1993). We computed 
four performance metrics (table 1) based on the 
difference between plot-level and Landsat-based 
LAI pixel values: Pearson’s correlation coefficient 
(Zar 1996); mean absolute error (MAE), which 
assesses the mean magnitude of differences 
independent of their direction (positive or 
negative); root mean square error (RMSE), which 
does not reflect over- vs. under-estimation and 
includes a squared term that weights larger errors 
more heavily than small ones; and mean bias error 
(MBE), which indicates the mean magnitude 
while accounting for over- vs. under-estimation. 
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Figure 1—The South Fork Flathead watershed (yellow outline), the surrounding area which served to calibrate interpolated leaf 
area index (LAI) models (black outline), and FIA plot locations where LAI was estimated using five alternative methods (see 
table 1).

All five methods were moderately correlated 
with Landsat-based total LAI, and no single 
method performed appreciably better than the 
others (table 1). Given the five methods’ similar 
performance, we considered the practical utility 
of the five alternative LAI methods. Although 
method LAI3 produced the lowest error rates 
(table 1), its disadvantage is the use of species-
specific allometric equations (Kaufman and 
others 1982) that are not reliably transferable 
to other tree species. Methods LAI1, LAI2, 
and LAI3 all performed similarly (table 1), but 
all have the disadvantage of not estimating 
understory LAI. Although method LAI4 allows 
estimation of both overstory and understory 
LAI, a disadvantage is its reliance on MODIS-
based total LAI. Method LAI5 has two main 
advantages: it produces both overstory and 

understory LAI estimates, and it does not require 
any additional data inputs. Thus, we concluded 
that method LAI5 is optimal for using FIA data to 
produce spatially and temporally explicit datasets 
of overstory and understory LAI.

Our second objective was to develop LAI maps 
using a combination of plot-level LAI estimates, 
spectral reflectance data, and climatic and 
topographic variables. Watershed-scale LAI maps 
were produced using random forests (Breiman 
2001) models, where predictor variables included 
Landsat-based normalized difference vegetation 
index (Robinson and others 2017), topographic 
variables (slope, aspect, elevation, topographic 
wetness index or distance up/down), climatic 
variables (Daly and others 2001), and wildfire 
data from the Monitoring Trends in Burn Severity 
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(MTBS) program (Eidenshink and others 2007). 
The performance of the random forests model 
for each LAI estimation method was assessed 
via cross-validation using out-of-bag samples 
from 500 trees (Breiman 2001). All analyses 
were conducted in the R statistical computing 
software (R Core Team 2018), and random forests 
models were built and assessed within package 
randomForests (Liaw and Wiener 2002).

Based on method LAI5, we produced maps 
of overstory and understory LAI for two time 
periods in our study area. Between these two 
time periods, total and overstory LAI decreased, 
understory LAI increased, and runoff ratio 
(i.e., basin-scale annual streamflow divided by 

basin-scale annual precipitation) increased from 
0.49 to 0.55. These shifts in basin-scale LAI and 
runoff ratio coincide with tree mortality caused 
by drought, insects, and wildfire.

Future work will collect field observations of LAI 
from FIA plots to further validate LAI estimation 
methods, and also demonstrate the utility of 
gridded LAI datasets derived from FIA plot data 
for hydrologic modeling purposes. Using FIA 
data as demonstrated in this paper will enable an 
enhanced understanding of hydrologic responses 
to forest disturbance as well as projections of 
future water availability under alternative climate 
and land cover scenarios.

Table 1—Five methods used to estimate leaf area index (LAI) from FIA plot data, Pearson’s correlation 
coefficient (r), and four error metrics; error metrics are unitless as LAI is measured in square meters of leaf 
area per square meter of ground surface (m2/m2)

    
Comparison of plot-level vs. 

Landsat LAI

Method Description Outputs Source Pearson's r RMSE MAE MBE

Random 
forests 

model r2

LAI1
Linear scaling of tree 
canopy cover with local 
max LAI

Overstory 
LAI

Method from 
Broxton and others 
(2015); Local max 
LAI from Pierce and 
Running (1988)

0.550 0.93 0.38 0.25 0.54

LAI2
Empirical equation 
based on tree canopy 
cover

Overstory 
LAI

Varhola and others 
(2010)

0.505 0.78 0.35 0.01 0.37

LAI3

Species-specific 
allometric equations 
based on diameter or 
basal area

Overstory 
LAI

Kaufmann and 
others (1982)

0.521 0.82 0.27 0.04 0.35

LAI4

Partition total MODIS 
LAI based on overstory 
and understory percent 
cover, height, and 
depth

Overstory 
& 

understory 
LAI

Novel method 0.517 0.91 0.72 -0.27 0.64

LAI5

Apply Beer's law, 
where clumping index 
is specific to vegetative 
cover type

Overstory 
and 

understory 
LAI

Novel method; 
Chen and others 
(2005) for clumping 
indices

0.535 0.92 0.34 0.17 0.38

Pearson’s correlation coefficient (r) indicates correlations between plot-based overstory LAI estimates and Landsat-based total LAI.
MAE=mean absolute error; RMSE=root mean squared error; MBE=mean bias error. Negative values of MBE indicate plot-level LAI 

estimates greater than Landsat-based total LAI; positive values indicate plot-level LAI smaller than Landsat-based LAI.
Model r2 is calculated from out-of-bag samples (Breiman 2001; Liaw and Wiener 2002) of random forests models with 500 trees.
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