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a b s t r a c t
Leaf area index (LAI) is an important variable for understanding land-surface atmosphere ﬂux dynamics and a key biophysical variable included in terrestrial biosphere models. Because of its inﬂuence on
resource cycling and atmospheric feedbacks it is necessary to have a model that can accurately predict the
seasonal progression of canopy development. The goal of this study is to use a simple function to modify
a prognostic phenology model, based on the inﬂuence of environmental factors on limiting foliar phenology, into a model capable of predicting the seasonal course of LAI. Model performance was assessed
by comparison to a time-series of LAI measurements derived from gap fraction theory at ﬁve deciduous
sites selected from the FLUXNET database. The model was assessed in terms of its ability to predict the
magnitude of LAI as well as phenological transition dates. The results show a strong correlation between
predicted LAI and gap fraction derived estimates (r = 0.94, RMSE = 0.45). The accuracy of the model varied
among sites at predicting transition dates but remained consistently high at predicting the continuous
seasonal progression of LAI. Our results demonstrate that a simple prognostic phenology model can be
rescaled to predict the seasonal course of LAI in deciduous forests.
© 2014 Elsevier B.V. All rights reserved.

1. Introduction
A link between climate change and phenology, i.e. the study
of the timing of seasonal cycles in relation to biotic and abiotic
forces (Lieth, 1974), has been documented across a wide range of
taxa and geographical locations (Menzel et al., 2006; Parmesan,
2006; Schwartz et al., 2006); the resulting changes in the phenology
of forests have important implications for ecosystem productivity (Dragoni et al., 2011; Myneni et al., 1997; Richardson et al.,
2010). In addition to phenology, the associated seasonal patterns
of canopy development are also an important component of CO2
ﬂuxes (Randerson et al., 1997). Leaf area index (LAI), deﬁned as half
the total leaf surface area per unit ground surface (Chen and Black,
1992), is a useful measure of seasonal canopy dynamics. The seasonal progression of LAI inﬂuences canopy conductance (Blanken
and Black, 2004; Sakai et al., 1997), albedo (Sakai et al., 1997),
sensible and latent heat ﬂuxes (Moore et al., 1996), CO2 ﬂuxes
(Randerson et al., 1997), and surface air temperatures (Fitzjarrald
et al., 2001; Levis and Bonan, 2004). LAI is thus a key variable in computing land-surface atmosphere ﬂux dynamics, and an important
biophysical variable included in a number of terrestrial biosphere
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models. Since canopy seasonality is an important component of
carbon (C) ﬂuxes, poor representation of the seasonal dynamics of
LAI can lead to errors in vegetation productivity (Kucharik et al.,
2006; Ryu et al., 2008). In order to understand and model impacts
of climatic conditions on ecosystems it is essential to not only have
accurate representation of vegetation phenology, but also the associated seasonal dynamics of LAI. Despite the importance of LAI in
terrestrial biosphere models, its representation in these models has
been insufﬁcient (Richardson et al., 2012).
There are generally three approaches for modeling the seasonality of LAI in terrestrial biosphere models: prescribed, prognostic,
and hybrid models that combine these two approaches (Richardson
et al., 2012). Prognostic LAI models are preferable because they
allow for forecasting under future climate scenarios. Prognostic
models have the potential to behave more realistically than prescribed methods because leaf emergence occurs during periods
of favorable environmental conditions for photosynthesis (Levis
and Bonan, 2004). Several examples of prognostic LAI models are
based on the relationship between vegetation and environmental
conditions. Growing degree days (GDD) have been used to predict phenological events such as budburst (Hunter and Lechowicz,
1992; Jeong et al., 2012) and to model LAI (Levis and Bonan, 2004).
The growing season index (GSI) (Jolly et al., 2005) is a more ﬂexible
generalized indicator of phenology than GDD because it computes
the limitations imposed on plant phenology by temperature, soil
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Table 1
Site locations, characteristics, and years of data availability.
Descriptor

Site name (site ID)
SSA Old aspen
(Ca-Oas)

Harvard forest
(US-Ha1)

Morgan Monroe
state forest
(US-MMS)

Univ. of Mich.
Biological Station
(US-UMB)

Willow Creek
(US-WCr)

53.63
−106.20
601

42.54
−72.17
340

39.32
−86.41
275

45.56
−84.71
243

45.81
−90.08
520

Boreal
DBF
21.5
87
20, 65, 15
Trembling Aspen,
Balsam Poplar

Temperate
DBF
23
84
66, 29, 5
Red Oak, Red
Maple, Black Birch,
White Pine, Eastern
Hemlock

Temperate
DBF
25–27
75–85
34, 3, 63
Sugar Maple, Tulip
Poplar, Sassafras,
White Oak, Black
oak

Temperate
DBF
22
85
92, 7, 1
Bigtooth Aspen,
Trembling Aspen

Temperate
DBF
24
65–90
54, 33, 13
Sugar Maple,
Basswood, Green
Ash

Study period mean annual meteorological values
Air temperature (◦ C)
VPD (kPa)
Precipitation (mm)

2.2
0.36
461

7.9
3.3
1138

12.7
5.03
1108

7.6
4.1
589

6.1
2.05
749

Years of data available
Meteorological

1997–2006

1992–2006

1999–2006

1999–2006

1997–2006
1998–2006

1992–2006
1998–’99;
2005–’06

2001–2003;
2005–2006
2001–2006
2001–2006

2002–2007
1999–2006

1999–2006
NA

Barr et al. (2004,
2007), Black et al.
(2000)

Urbanski et al.
(2007)

Gough et al. (2013)

Cook et al. (2004)

Location
Lat
Lon
Elevation (m)
Site description
Climate
IGBP
Canopy height (m)
Stand age (yrs)*
Sand, silt, clay (%)
Dominant vegetation (overstory)

PAR
LAI-2000
References

*

Dragoni et al.
(2011), Schmid
et al. (2000)

Approximate mean stand age in 2006.

water via its complementarity with atmospheric vapor pressure
deﬁcit (VPD), and photoperiod. Since GSI models the effects of environmental constraints on canopy development, it has proven to
be useful as a prognostic model of LAI. Consequently, there is a
growing body of literature using GSI as a basis for predicting LAI
(Groenendijk et al., 2011; Stöckli et al., 2008; Zhang et al., 2012).
Typically phenology is studied by examining the timing of
discrete events. In deciduous broad leaf forests the seasonal progression of canopy dynamics is demarcated by phenological events
such as budburst, leaf development, senescence, and abscission.
However, in order to thoroughly test the ability of the GSI framework to predict the seasonality of LAI it is necessary to test it against
continuous observations. Remote sensing platforms can monitor
both phenology and the seasonality of canopy dynamics. Remote
sensing of phenology, often referred to as land surface phenology
(LSP), can monitor changes in vegetation phenology through the
derivation of a number of metrics (Moulin et al., 1997; Reed et al.,
1994; White et al., 2009; White et al., 1997). Despite the recent
improvements with the Moderate Resolution Imaging Spectroradiometer (MODIS) C5 LAI product (De Kauwe et al., 2011; Fang et al.,
2012), there are still uncertainties in point-to-pixel comparisons of
LAI, primarily due to landcover heterogeneity within mixed pixels
(Chen et al., 2002). Because of the spatial and temporal scale discrepancies between ground and remote sensing measurements, it
is preferable to use input and validation data that are of similar
scales.
The FLUXNET database (www.ﬂuxdata.org) provides a unique
opportunity to test LAI predictions made using the GSI framework because it provides both tower-based input meteorological
variables, necessary to calculate GSI, and photosynthetically active
radiation (PAR) sensors capable of generating high frequency measurements of LAI (Richardson et al., 2012). We used this dataset to
derive the complete seasonal progressions of canopy dynamics, as

well as to extract metrics that quantiﬁed seasonal patterns in phenology. By testing the GSI framework against high frequency in situ
measurements of LAI we can determine its limitations and assess
its potential for improving seasonal LAI dynamics in ecosystem
models.
In this paper we seek to test a simple model for leveraging
the GSI framework into a prognostic model of LAI. To assess the
performance of GSI at deciduous broadleaf sites, we test several
formulations of GSI by varying the combinations its three environmental components. Speciﬁcally the objectives are: (1) test the
ability of a simple single parameter function to rescale GSI into
predicted LAI; (2) test the ability of a single study-wide parameter estimate and best GSI model formulation to predict LAI; and
(3) compare the performance of site-speciﬁc parameter estimation
and selection of model formulation to the study-wide model. To
accomplish these objectives we tested model performance against
periodic in situ LAI measurements, high frequency LAI estimated
from PAR data, and phenological transition dates derived from
these estimates.

2. Data and methods
2.1. Study sites and data
Five test sites were selected from the FLUXNET network based
on the presence of validation data as well as their inclusion in complementary studies (Melaas et al., 2013; Richardson et al., 2012).
The selected sites were all deciduous broad leaf forests of similar
stand ages, but varied in species composition and environmental
conditions (Table 1). GSI requires three environmental inputs for
its calculation; temperature, VPD, and photoperiod. Tower-based
gap-ﬁlled air temperature and VPD data were obtained through the
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AmeriFlux (http://public.ornl.gov/ameriﬂux/dataproducts.shtml)
and Fluxnet-Canada (http://ﬂuxnet.ornl.gov/site list/Country/CA)
data networks for each of the sites resulting in 46 site years of meteorological data. Photoperiod was calculated based on latitude and
the time of year (Campbell and Norman, 1998).
Predicted LAI values were compared to periodic in situ measurements of LAI and daily LAI derived from tower-based above
and below canopy photosynthetically active radiation (PAR) sensors. A full complement of validation data was not available for all
of the sites and thus analysis at each of the sites was restricted
accordingly (Table 1). In situ LAI-2000 plant canopy analyzer (LiCor Biosciences, Lincoln, NE, USA) measurements published in the
respective databases were used to test the accuracy of the model
at predicting the magnitude of LAI. When appropriate, LAI-2000
measurements were adjusted from plant area index (PAI) to LAI by
subtracting the minimum leaf off measurement from all measurements. Because the frequency of LAI-2000 measurements varied
between sites, and there was not always a leaf off measurement
present for each year, a single minimum leaf off value was chosen
from the total pool of measurements available at each respective site. LAI-2000 measurements were not present for all sites
or years nor were they made frequently enough to serve as validation for phenological transition dates or intra-annual patterns of
LAI.
Gap fraction theory was used to derive daily values of LAI
from the ratio of below canopy to above canopy photosynthetically active radiation (PAR) (Richardson et al., 2012; Wythers et al.,
2003) and served as reference for both the magnitude of LAI and the
timing of phenological transition dates. Daily LAI estimates tended
to exhibit noise, represented by erroneously high values, during
periods of dormancy. During periods of dormancy the lower 20%
quantile of LAI values was calculated, and only points within 0.5
of this value were retained. Filtering was applied only to periods
of dormancy, and no points were removed at other portions of
the year. A spline was ﬁt through each year of data in order to
extract the seasonal pattern of canopy progression (Fig. 1a). The
spline was then rescaled so that the minimum value was zero and
the seasonal maximum was equal to 90% of the highest observed
LAI-2000 measurement for each study site. At US-WCr the site
LAI value reported by AmeriFlux was used to represent LAIMAX
since no LAI-2000 measurements were available. Rescaling using
90%, instead of 100% of the maximum observed LAI, was chosen
because it produced a smaller root mean squared error (RMSE)
when compared to LAI-2000 measurements and reduced overestimation of LAI. Fig. 1b shows an example of the rescaled PAR
derived LAI values (LAIPAR ) at US-MMS. Only four of the sites had
both LAI-2000 measurements and below canopy PAR data available, but the relatively strong correlations at, Ca-Oas (r = 0.93),
US-Ha1 (r = 0.88), US-MMS (r = 0.96) and US-UMB (r = 0.93) suggest
that the methodology as implemented can be extended to US-WCr
and used as an additional source of validation data at these ﬁve
sites.

Fig. 1. (a) An example of processing the daily leaf area index (LAI) derived from
above and below canopy photosynthetically active radiation (PAR) for 2003 at USMMS. Noisy data during periods of canopy senescence were removed and then a
spline was ﬁt through the data in order to extract the overall pattern of canopy
development. (b) The ﬁnal rescaled LAI values derived from gap fraction theory
(LAIPAR ) plotted with observed LAI-2000 measurements.

the former. Each environmental variable used in the formulation of
GSI was transformed according to the following set of equations:

f1 (Ta ) =

⎧
⎪
⎪
⎨

Ta ≤ Tmin

0,
Ta − Tmin

Tmax − Tmin
⎪
⎪
⎩

, Tmax > Ta > Tmin
Ta ≥Tmax

1,

f2 (Photo) =

⎧
⎪
⎪
⎨

(1)

Photo ≤ Photomin

0,
Photo − Photomin

Photomax − Photomin
⎪
⎪
⎩
1,

,

Photomax > Photo > Photo
Photo≥Photomax
(2)

2.2. The growing season index (GSI)
In the GSI model each environmental variable is transformed
into an index value, ranging from 0 to 1, that denotes its inhibition
to canopy development. Threshold values were used to determine
where an environmental variable was completely limiting to development (index value of 0) and where it was no longer limiting to
development (index value of 1). We used the lower (Tmin = −5 ◦ C)
and upper (Tmax = 10 ◦ C) temperature threshold values suggested
by Thompson et al. (2011) instead of the −2 ◦ C and 5 ◦ C presented
in Jolly et al. (2005) because testing revealed better performance of

f3 (VPD) =

⎧
⎪
⎪
⎨
⎪
⎪
⎩

0,
1−

VPD − VPDmin
VPDmax − VPDmin
1,

VPD≥VPDmax
VPDmax > VPD > VPDmin (3)
VPD ≤ VPDmin

where Ta is the minimum daily air temperature, Photo is the daily
photoperiod, and VPD is the mean daily vapor pressure deﬁcit VPD.
Threshold values are represented by Tmin , Tmax , Photomin , Photomax ,
VPDmin , and VPDmax (Jolly et al., 2005). The daily product of the three
index values was taken, resulting in a daily indicator value (DGSI),
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Table 2
Different model formulations of the growing season index (GSI) framework. The
combination of functions that each model is comprised of are denoted by its subscript letters: where T is air temperature (f1 (Ta )), P is photoperiod (f2 (Photo)), and D
is vapor pressure deﬁcit (f3 (VPD)).
Model

f1 (Ta )

L(T)
L(T,P)
L(T,D)
L(T,P,D)

X
X
X
X

f2 (Photo)

f3 (VPD)

Parameters

X
X

2
4
4
6

X
X

and then a moving 21 day mean was used to compute the GSI so as
to account for day-to-day variations in environmental conditions:
DGSI = f1 (Ta ) × f2 (Photo) × f3 (VPD)



GSIi =

DGSIi + DGSIi−1 + DGSIi−2 + · · · + DGSIi−(21−1)



21

(4)
(5)

Because the sites included in the study were all primarily temperature driven, we also tested a number of formulations of the
GSI model. The different formulations of the model were calculated by varying the functions used to calculate DGSI (Table 2). This
was done in order to determine if the inclusion of additional functions showed improvement beyond a simple model driven solely
by temperature. Each of the four model formulations was applied
to the pooled study-wide dataset, as well as individually at each
site. By applying the models to study-wide data, as well as at individual sites, we were able to compare between the best study-wide
formulation and the best site-speciﬁc formulations.
2.3. Predicting LAI from GSI
Groenendijk et al. (2011) used a linear rescaling approach to calculate LAI from GSI by taking the product of GSI and the maximum
observed LAI value. However, Jolly et al. (2005) indicated that they
determined leaf onset occurred when GSI reached a value of 0.5.
Consequently, when GSI is less than 0.5 it can be inferred that LAI
would be 0 in deciduous forests. Jolly et al. (2005) chose 0.5 for the
threshold value to initiate budburst, but suggested that it may vary
based on vegetation type and encouraged further testing. Instead
of performing a linear rescaling of GSI to predict LAI we performed
rescaling using a piecewise linear function based on a threshold:



L=

0,

GSI < 

GSI × 0.9LAImax ,

GSI≥

(6)

where LAImax is the maximum observed LAI at a site,  is the value
of GSI required to initiate leaf onset in the spring and offset in the
fall, and L is the predicted LAI based on rescaling the GSI phenology
model. The value of  impacts the way in which GSI is rescaled to
LAI by inﬂuencing both the timing of leaf onset and offset, and also
the rate of green up and senescence. Increasing the threshold value
will delay leaf onset and increase the rate at which LAI increases
(Fig. 2).
2.4. Parameter estimation, model selection, testing and validation
The estimation of  was based on minimizing the residual sum
of squares (RSS) between predicted LAI and LAIPAR . Estimation of 
was done across all sites and years of data to generate a single studywide best estimate. In addition,  was estimated individually at
each site to compare the performance of site-speciﬁc versus studywide estimation.
Because the sites included in the study are all primarily temperature driven, we tested a number of formulations of the GSI
model framework to determine if there was improvement over a

Fig. 2. An illustration of how varying the cutoff value (), in the piecewise linear
function used to rescale the growing season index (GSI) to leaf area index (LAI),
inﬂuences the rate at which GSI is rescaled to LAI.

simple model of temperature. The Akaike information criterion corrected for small datasets (AICc) was used to identify the best model
formulation because it encompasses trade-offs between model parsimony and ﬁt (Burnham, 2002). AICc incorporates an additional
bias correction term over AIC. It is often recommended AICc be
used for practical purposes because as the sample size (n) increases
compared to the number of parameters (K) it will converge to be
equivalent to AIC (Burnham, 2002).
Pearson’s correlation coefﬁcient (r) was used to assess the correlation between predicted and observed values of LAI derived
from both in situ LAI-2000 measurements and LAIPAR . Because r
can be high even when the magnitudes differ, the ability of L to
accurately predict the magnitude of LAI was measured by calculating the root mean squared error (RMSE) between predicted and
observed LAI values. RMSE provides a measure of the magnitude
of errors between observed and predicted LAI. Due to the differing sample size and frequency between the two sets of validation
data, comparisons to LAI-2000 data were done on a site by site basis
whereas comparisons to LAIPAR were done on a yearly basis in each
site.
In addition to testing the ability to predict the magnitude of leaf
area, we also tested the capability to predict phenological transition dates. Relative thresholds of 20%, 50%, and 80% of the seasonal
peak in LAI were chosen to represent several points along the seasonal progression of canopy development and to provide a point
of comparison to previous studies (Richardson et al., 2012). Transition dates were extracted, for both predicted and observed data,
by ﬁnding the ﬁrst date in the spring and last date in the fall where
LAI crossed each threshold. Bias in the model predictions were calculated by subtracting the observed date from the predicted date
and the mean bias for each transition threshold was then calculated for each site as well as across all sites and years. The mean
bias was also calculated across the 20%, 50%, and 80% for the spring
and for the fall to summarize the overall bias in each of the two
seasons.
3. Results
3.1. Piecewise versus linear rescaling of leaf area index
In order to provide comparison to the original GSI framework,
the L(T,P,D) model was selected to estimate the value of  based
on study-wide comparisons between predicted LAI and LAIPAR . A
range of values for  were chosen in order to demonstrate the
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Fig. 3. The relationship between observed and predicted leaf area index (LAI) values for (a) Ca-Oas, (b) US-Ha1, (c) US-MMS, and (d) US-UMB. Plots (e)–(f) show a temporal
view of the data presented in (a)–(d). Field observations using the LAI-2000 plant canopy analyzer were obtained from the respective databases to serve as observations.
Predicted LAI was generated by rescaling the growing season index (GSI) phenology model to LAI. Values of predicted LAI are for the study-wide estimated parameter  and
model formulation (L(T,P,D) ;  = 0.39).

inﬂuence of  on study wide ﬁtting statistics (Table 3). At  = 0.4 all
sites, except US-UMB, showed reduced RMSE and increased r when
compared to LAI-2000 measurements. Linear rescaling ( = 0) and
piecewise rescaling of L(T,P,D) were both comparable in their performance for average study-wide comparisons to LAIPAR , however,
there was variation in their performance at individual sites. At USWCr mean RMSE was reduced from 1.07 at  = 0 to 0.59 at  = 0.4.
Piecewise rescaling also showed a 1 week reduction in the mean
absolute error (MAE) in study wide phenological transition dates.
US-Ha1, US-MMS, US-UMB, and US-WCr all showed 12 day reductions in MAE of phenological transition dates when compared to
linear rescaling. Mean bias across spring transition thresholds was
reduced from −29 (±16 days) to −10 (±14 days) by using piecewise linear rescaling of LAI, with the 20% threshold having a 28 day
reduction in bias.

3.2. Study-wide  estimation and best model formulation
Across all sites and years  was estimated for each of the model
formulations used to predict LAI. Each of the model formulations
estimated the same value of , thus the best  was independent
of model formulation. The model with the lowest AICc value was
L(T,P,D) with  = 0.39. This model formulation and  will be referred
to as the study-wide model in the following sections.
3.2.1. Comparison to in situ LAI-2000 measurements
Predicted LAI was compared directly to LAI-2000 measurements
of the same day and year for each of the four sites where in situ
measurements were present. US-Ha1 displayed the strongest correlation and lowest error (r = 0.93, RMSE = 0.71) compared to
LAI-2000 measurements among the four sites (Fig. 3), however, the
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Table 3
Study wide ﬁtting statistics for different values of the parameter () used in piecewise linear rescaling of the growing season index (GSI) to leaf area index (LAI). All
results are presented for the full formulation of the model (L(T,P,D) ) (Table 2). LAIPAR
is the continuous LAI dataset estimated from photosynthetically active radiation
(PAR) sensors.


0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9

Relation to LAIPAR

Transition dates

r

RMSE

Bias

MAE

0.91
0.92
0.93
0.94
0.94
0.94
0.92
0.90
0.84
0.74

0.79
0.72
0.65
0.61
0.59
0.62
0.71
0.86
1.07
1.41

−13
−12
−10
−9
−8
−7
−5
−4
−3
0

20
18
15
14
13
12
13
16
21
29

model performed consistently across all sites. At US-UMB LAI was
underestimated during periods of low LAI, such as at the start and
the end of the growing season, but performed better at predicting
values in the middle of the growing season.
3.2.2. Comparison to LAIPAR
The patterns of canopy dynamics predicted by L(T,P,D) were
in good agreement with LAIPAR for all sites and years (r ≥ 0.83).
Across all site-years of data L(T,P,D) displayed a strong mean
correlation (r = 0.95, RMSE = 0.55) to LAIPAR . All sites had mean
correlations greater than r = 0.94, and US-UMB showed both the
strongest average correlation and smallest error among sites
(r = 0.97, RMSE = 0.37). Mean seasonal trajectories of observed and
predicted LAI were generally in good agreement with each other, as
well as with LAI-2000 data (Fig. 4). The mean seasonal trajectories
revealed that at Ca-Oas and US-Ha1 L(T,P,D) tended to underestimate
LAI during the fall. By contrast, the remaining three sites showed a
tendency to overestimate LAI in the spring.
3.2.3. Predicting phenological transition dates
Across all sites and years the mean (±1 SD) bias in the timing of spring thresholds was −10 (±14) days, with a consistent
early bias occurring at each transition threshold [20% (−9 ± 16
days); 50% (−10 ± 13 days); 80% (−11 ± 14 days)]. The majority
of sites showed an early mean bias for spring thresholds, with
only Ca-Oas showing a neutral bias (0 ± 12 days). US-MMS had
the largest average bias for spring transition thresholds, with each
of the three transitions showing a large early bias [20% (−15 ± 9
days); 50% (−21 ± 9 days); 80% (−19 ± 7 days)]. The timing of fall
thresholds were also early on average across all sites and years
of data (−6 ± 15 days), with the 20% threshold having the largest
bias (−14 ± 16 days). The most notable biases occurred at the fall
20% threshold at Ca-Oas (−19 ± 16 days) and US-Ha1. The latter
was biased slightly less than four weeks early. The remaining three
sites all performed favorably in predicting fall transition dates
[US-MMS (+6 ± 10 days); US-UMB (+1 ± 7 days); US-WCr (0 ± 7
days)].
3.3. Site-speciﬁc estimation and best model formulation
In addition to ﬁnding the best study-wide model formulation
and  (L(T,P,D) ;  = 0.39), we also tested the model framework by
parameterizing it at individual sites. This was done in two parts;
ﬁrst,  was estimated for L(T,P,D) at each site, and second the combination of site-speciﬁc  and best model formulation was chosen at
each site based on AICc. The study-wide model performed well in
terms of r and RMSE but as noted above it had a tendency towards:
(1) overestimation of LAI and early bias in spring phenological

Fig. 4. Site long averages of both predicted and observed leaf area index (LAI). Continuous LAI observations were derived from the ratio of below canopy to above
canopy PAR (LAIPAR ) and predicted LAI was modeled by rescaling the GSI phenology
model to LAI. Open circles depict in situ LAI measurements taken with the LAI-2000
plant canopy analyzer. Values of predicted LAI are for the study-wide estimated
parameter  and model formulation (L(T,P,D) ;  = 0.39).

transitions at US-MMS, US-UMB, and US-WCr, and (2) underestimation of LAI and early bias in phenological transitions at Ca-Oas
and US-Ha1 in the fall. Consequently, the analysis of site-speciﬁc
models was restricted to the areas where the study-wide model
underperformed. Table 4 shows the site-speciﬁc values of  and
model selection for each of the sites.
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Table 4
Site-speciﬁc estimates of  and the best site-speciﬁc formulation of the growing
season index (GSI) for predicting leaf area index (LAI). For more information on
model formulations refer to Table 2.
Site

Site-speciﬁc 

Site-speciﬁc model formulation

Ca-Oas
US-Ha1
US-MMS
US-UMB
US-WCr

0.19
0.37
0.60
0.55
0.50

L(T)
L(T, D)
L(T, P, D)
L(T, D)
L(T, P)

3.3.1. Site-speciﬁc estimation of 
The mean difference between predicted LAI and LAIPAR was calculated at daily time steps for each site in order to further examine
the seasonal patterns of error in LAI estimation (Fig. 5). Unsurprisingly, this temporal view of error revealed that the greatest errors
tended to occur in conjunction with the average timing of phenological transition dates derived from LAIPAR . RMSE was calculated
during spring and fall, deﬁned as the periods between the 20% and
80% thresholds on the ascending and descending seasonal trajectory of LAI respectively. Site-speciﬁc  estimation reduced RMSE
during the spring at US-MMS, US-UMB, and US-WCr. Estimating 
at Ca-Oas reduced RMSE during the fall but failed to do so at USHa1. Both US-UMB and US-WCr had increased RMSE during the fall
when using site-speciﬁc estimates of .
Mean study-wide values at individual transition thresholds
showed no difference between the study-wide and site-speciﬁc 
values. At individual sites, however, the mean bias across spring
phenological transition thresholds was reduced at US-MMS, USUMB, and US-WCr (Table 5). All three sites had a reduction in bias
of a week or more at the 20% spring threshold. Site-speciﬁc  values reduced the mean bias across fall phenological transitions at
Ca-Oas but had no inﬂuence at US-Ha1. The study-wide model had
errors of 11 days or more for all sites when predicting the length
of the growing season. Site-speciﬁc estimation of  produced comparatively smaller bias in growing season length at all sites [Ca-Oas
(−5 ± 27 days), US-Ha1 (−15 ± 15 days), US-MMS (−2 ± 15 days),
US-UMB (−6 ± 9 days), US-WCr (5 ± 22 days)].
3.3.2. Site-speciﬁc model formulation
The selection of site speciﬁc model formulations did not further reduce springtime RMSE beyond the improvements already
made by site-based  estimation at any of the sites. Even though
site-speciﬁc  estimation did not substantially reduce fall RMSE at
US-Ha1, the addition of site-speciﬁc model formulation reduced
RMSE to 0.36. None of the sites beneﬁted from site-speciﬁc model
formulation for spring transition thresholds, but Ca-Oas and USHa1 both had reductions in mean bias of fall transitions. Across
all sites and years the only transition thresholds that beneﬁted
from site-speciﬁc model selection were the fall 20% [site-speciﬁc
model (−6 ± 17 days); site-speciﬁc  (−15 ± 14 days)] and 50%
[site-speciﬁc model (−3 ± 11 days); site-speciﬁc  (−5 ± 11 days)]
transition thresholds.
4. Discussion
4.1. Piecewise rescaling of LAI
The use of piecewise linear rescaling reduced RMSE between
predicted LAI and observed LAI at all sites over linear rescaling.
There was also substantial reduction in the mean bias across all
phenological transition thresholds, especially the spring 20%, 50%
and 80% thresholds. The timing of spring thresholds showed greater
sensitivity in response to changes in  than did fall. Since temperature is the most important factor driving seasonal canopy dynamics
at these sites, this sensitivity may be explained by patterns in the

temperature component of the GSI model framework (f1 (Ta )). We
calculated a 21 day running mean of f1 (Ta ) for all sites and years
of data and examined the average rate of change of the temperature index value during the spring and fall. The average slope of the
temperature index was greater in the spring than in the fall for all
sites. Because f1 (Ta ) is the largest component of the GSI framework
driving canopy seasonality at our sites, and  inﬂuences slope of the
line used to rescale GSI to predicted LAI, it is reasonable to assume
that the increased slope of the temperature index during the spring
explains the greater sensitivity of spring to changes in .
4.2. Study-wide  estimation and best model formulation
The study-wide model (L(T,P,D) ;  = 0.39) performed well on
average at predicting in situ LAI-2000 measurements, and this
is important because it demonstrated that it was able to mimic
the same pattern and magnitude of observed LAI against an independent dataset. Although there was some disagreement between
predicted LAI and LAI-2000 measurements at US-UMB (Fig. 3), the
species composition of the site may provide some explanation as
to the causes. The underpredicted values occurred during periods
of deciduous dormancy at the start and end of the growing season
and may be explained by the presence of white pine (Pinus strobus)
in the understory at US-UMB, as noted in the data documentation,
which resulted in higher measured LAI during these periods. The
implementation of L(T,P,D) in this study was only intended to model
deciduous canopy dynamics and thus reduces LAI to 0 during dormancy despite the presence of an evergreen understory.
The study-wide model showed strong correlations to LAIPAR for
all site years of data, but it would be misleading to only consider
the strength of the overall correlation in assessing the model performance. While the model performed well when looking at the
aggregated pool of data, it is not unexpected that performance
would vary between sites when applying a generalized set of
parameters. The mean seasonal trajectories of observed and predicted LAI revealed that several sites overestimated LAI during the
spring or underestimated LAI in the fall. In addition, there was
a tendency towards an early bias in all phenological transitions
thresholds. Despite this overall trend towards early bias, the biases
did not offset equally and lead to longer than observed predicted
growing seasons at US-MMS (+11 ± 16 days), US-UMB (+13 ± 17
days), and US-WCr (+22 ± 23 days). Ca-Oas (−22 ± 22 days) and
US-Ha1 (−18 ± 15 days) both had substantially shorter growing
seasons than observed.
4.3. Site-speciﬁc  estimation and best model formulation
Overestimation of LAI at US-MMS, US-UMB, and US-WCr
suggested that the study-wide  was too low. Likewise, the
underestimation of LAI at Ca-Oas and US-Ha indicated that the
study-wide estimated  was too high. The estimation of  at each
site conﬁrmed that increasing  reduced overprediction of LAI and
decreasing  reduced underprediction of LAI. Additionally, estimating  on a site by site basis reduced the bias in phenological
transition dates. Thus, by altering only a single parameter it was
possible to address errors in both the magnitude of LAI and timing
of phenological transition dates. Because all sites beneﬁtted from
estimation of , it would be useful to have an understanding of
how the value of  is related to conditions at a given site. Since
 inﬂuences the rate at which LAI increases in the spring, as well
as the timing of leaf onset, it is reasonable to assume that there
would be a relationship between the rate of green up and . We
looked at the average number of days between the 20% and 80%
spring transition thresholds derived from LAIPAR in comparison to
the estimated  at each site. There was a general trend, with the
exception of US-MMS, between decreased time between transition
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Fig. 5. Daily mean difference between predicted (L) and observed (LAIPAR ) leaf area index (LAI) (a–d). Negative values indicate that the model underestimated LAI. The
study-wide model was estimated against the entire aggregated set of data (L(T,P,D) ;  = 0.39). LAI predictions using site-speciﬁc estimates of  (solid gray line) and model
formulation (dotted black line) are also presented. Spring (light gray plot area) and fall (medium gray plot area) were calculated from site long averages of the duration
between the 20% and 50% phenological transition dates derived from LAIPAR. Bar plots summarize the root mean squared error (RMSE) during the spring (light gray bar) and
fall (medium gray bar) for each of the three models (f–j).

Table 5
Spring and fall bias in the date at which phenological transition thresholds were reached. Spring represents the mean bias across the 20%, 50%, and 80% phenological transition
thresholds. Observed phenological transition dates were extracted from the time series of leaf area index (LAI) data derived from below canopy photosynthetically active
radiation (PAR) sensors. A negative bias indicates that predicted transition dates were early.  is the parameter used to rescale the growing season index (GSI) to LAI.
Site

Spring
Ca-Oas
US-Ha1
US-MMS
US-UMB
US-WCr

Site-speciﬁc 

Study-wide model

0
−9
−18
−13
−17

±
±
±
±
±

12
12
8
11
18

Fall
−13
−12
+6
+1
0

Spring
±
±
±
±
±

15
17
10
7
7

−9
−10
−7
−5
−10

±
±
±
±
±

13
11
8
6
15

Site-speciﬁc model formulation
Fall
−7
−12
+1
−4
−4

Spring
±
±
±
±
±

14
17
11
7
7

−9
−10
−7
−5
−10

±
±
±
±
±

13
11
8
6
15

Fall
−3
−4
1
0
−4

±
±
±
±
±

16
17
11
9
7
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thresholds and increased . Due to the small sample size in this
study it is difﬁcult to draw any broad conclusions about this relationship, but future research could expand to include a wider range
of sites that encompass more variation in environmental conditions
and seasonal canopy dynamics.
The addition of site-speciﬁc  estimation helped to correct errors
in both the predicted magnitude of LAI and the timing of phenological transition dates. Stöckli et al. (2008) used data assimilation
to generate new parameters at individual sites for the components of the GSI framework in their PROGNOSTIC model. They
compared PROGNOSTIC to in situ LAI measurements at US-MMS
(r = 0.9, RMSE = 1.65) and our results were able to achieve nearly the
same strength of correlation with less than half the error (r = 0.89,
RMSE = 0.68). Additionally, they examined the bias in the timing of
the 50% phenological transition threshold. PROGNOSTIC showed a
bias of −12 days for the spring 50% threshold and +1 day in the fall
at US-MMS. Our approach, using L(T,P,D) and site-speciﬁc , had a
bias of −5 (± 9 days) in the spring and 2 (±5 days) in the fall at the
same thresholds. L(T,P,D) was able to produce comparable results to
PROGNOSTIC without a complex data assimilation model, and the
estimation of only a single parameter.
The best model formulation selected across all sites was L(T,P,D)
and this conﬁrms that the framework proposed by Jolly et al. (2005)
works best as a generalized model even across sites that are all
primarily driven by temperature. When model formulation was
assessed at individual sites, Ca-Oas was the only site that had a
model comprised only of the temperature function. The selection
of more complex models at the remaining sites demonstrates that
the inclusion of additional environmental constraints improved
upon a simple temperature only driven model. However, the selection of simpler model formulations at speciﬁc sites appears to be
largely driven by model parsimony instead of performance. With
the exception of US-Ha1, the combination of estimating both  and
model formulation at individual sites showed little improvement
over  estimation alone. These results suggest that it is possible to
use more parsimonious models to predict LAI at individual sites
without signiﬁcant changes in accuracy when compared to the full
formulation.

4.4. Methodological considerations
The mean seasonal trajectory of LAIPAR revealed that at Ca-Oas,
and US-Ha1 it tended to deviate from observed in situ LAI-2000
measurements. One possible explanation for this is that the upward
facing PAR sensors at these sites are at a ﬁxed location and LAI-2000
measurements are averaged over a spatially representative sample
of the area. While it is mentioned in the data documentation for
US-Ha1 that LAI-2000 measurements do indeed consist of a spatial average of measurements, we are uncertain if this is also the
case at Ca-Oas. US-MMS was the only site that had multiple spatial locations of below canopy PAR sensors and it was also the site
with the strongest correlation and lowest error when compared to
LAI-2000 measurements (r = 0.96, RMSE = 0.41). This supports the
idea that a more spatially representative sample of below canopy
PAR data could help reduce errors between LAIPAR and LAI-2000
measurements. A study conducted at US-Ha1 found that for red
oak (Quercus rubra) there could be delays on the order of weeks
to months from the time leaves turned brown to leaf abscission
(Hadley et al., 2009). If the upward pointing PAR sensors observed
trees that experience longer delays in abscission than is spatially
representative at the site it could possible lead to a slower than
expected rate of decline in the fall. One possible way to investigate
these concerns would be to introduce an additional source of validation data in the form of near surface remote sensing platforms
designed to capture canopy greenness.

4.5. Future research
Our study only tested the ability of the GSI framework to model
LAI at deciduous broadleaf sites, none of which were moisture
limited. In order to gain further insight into the widespread applicability of this framework additional research is needed on a larger
representative sample of biomes, particularly ones which exhibit
water stress. While the above and below canopy PAR data used as
validation data in this study is only available at a select number of
sites, other continuous measures of canopy dynamics could serve
as validation data. The emergence of near-surface remote sensing is
one promising option that can aid in validating phenological models (Richardson et al., 2009; Richardson et al., 2007; Sonnentag
et al., 2012). Using near-surface remote sensing would also allow
for testing in other environments, such as grasslands, where deriving LAI from PAR differencing is not suitable. The use of vegetation
indices from near surface remote sensing may also be more applicable to assess evergreen forests, since changes in canopy LAI are
less pronounced than deciduous sites. By expanding the type of
validation datasets used it should be possible to include a larger
number of sites, and also a wider range of environmental conditions. A more representative sample of site conditions could allow
for the examination between  and the length of green up. If a mechanistic, rather than empirical link, could be found then our model
framework could retain ﬂexibility and accuracy for making predictions under future conditions. Ideally an integrative approach
with ﬁeld data, near-surface remote sensing, ﬂux data, and remote
sensing data could be used to validate model performance locally
at selected sites and then expand outwards to a global analysis at
sites without a full complement of data sources.
4.6. Implications
Poor representation of seasonal canopy dynamics within models can lead to errors in modeled productivity (Kucharik et al., 2006;
Ryu et al., 2008). In an analysis of 14 terrestrial biosphere models
Richardson et al. (2012) found that modeled errors in the seasonal
dynamics of gross ecosystem productivity (GEP) were largely a
result of poorly modeled seasonal dynamics of LAI. We show that
using a piecewise linear function for rescaling GSI to LAI can reduce
errors in modeled LAI over a simple linear rescaling. Additionally,
errors in the seasonality of LAI were further reduced by performing
parameter estimation of  at individual sites. Gu et al. (2003) note
that annual carbon assimilation is inﬂuenced by the speed at which
plants reach peak rates of assimilation. In our study of temperature
driven sites  was able to change both the timing of phenological transitions and the rate of change in LAI. The rate of green up
showed greater sensitivity to changes in  compared to the rate of
senescence, primarily due to seasonal patterns of the temperature
component of GSI at our sites. Since  can be used to modify the predicted rate of LAI accumulation in the spring, our approach shows
the potential to mitigate errors in modeled productivity that result
from poor representation of spring accumulation of LAI.
5. Conclusions
In this study we tested the ability of a prognostic phenology
model to predict the seasonal course of LAI. To do this we developed
a simple piecewise linear function, with a single parameter denoted
as , to leverage the GSI model into a prognostic model of LAI. We
also performed parameter estimation and sensitivity analysis of
the inﬂuence of  on predicting the seasonal course of LAI and the
timing of phenological transition dates.
The value of  inﬂuenced not only the timing of leaf expansion
and senescence, but also the rate at which the canopy accumulated
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LAI during green up and reduced LAI during senescence. Our results
show that using  to perform a piecewise linear rescaling of GSI to
LAI reduced error from a strictly linear rescaling scheme. We found
that spring was more sensitive to changes in  than fall, largely
attributed to the comparatively steeper slope of the temperature
function of GSI during spring. Estimation of site-speciﬁc  showed
improvement over a single study-wide value estimated across all
sites and helped to remedy errors in both the seasonality of LAI and
the timing of phenological transitions.
In addition to parameter estimation, we also tested a number
of model formulations of the GSI framework to test for improvement over a solely temperature driven model. Study-wide analysis
revealed that the full formulation of the GSI framework performed
best, which is unsurprising given conception as a generalized
model. At individual sites only a single site selected the full
formulation of GSI as a best model. The selection of other models was largely a result of model parsimony, instead of model
improvement. This suggests that many sites may be able to use
more parsimonious models to estimate prognostic LAI without
signiﬁcant differences in accuracy from the full GSI formulation.
Accurate representation of canopy seasonality is needed to
reduce errors and uncertainties in modeled predictions of vegetation productivity. We show that it is possible to reduce errors in
predicted LAI and the timing of phenological transition dates with
the estimation of a single parameter. Our approach produced mean
seasonal trajectories of LAI that closely match those at 5 temperature driven deciduous broadleaf sites. Additional work is needed to
examine the applicability to other sites, particularly ones that are
not temperature drive, and to determine if there is any relationship
between  and the vegetation or environmental characteristics of
sites.
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