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Abstract

We analyzed the effect of various types of LAI on simulation of gross primary 

production (GPP) in evergreen needleleaf and deciduous broadleaf temperate 

forests by LSM named Joint UK Land Environment Simulator (JULES). Over 

the period 2015-2017, LAI was observed by LAI-2200 plant canopy analyzer. 

Sources of estimated LAI included enhanced vegetation index (EVI) of two 

satellites with different temporal and spatial resolutions each other (Landsat 

and MODIS), LAI product of MODIS, and phenology model of JULES. 

These various LAIs were compared with in-situ observed one, and their effect 

on GPP simulation was compared with simulated GPP using in-situ observed 

LAI. As a result, JULES phenology model could not adequately express LAI 

of both deciduous broadleaf and evergreen needleleaf temperate forests. This 

misrepresentation of LAI was improved by simple modification, but there 

remained other limitations such as inaccurate representation of interannual 

variation. Consequently, GPP estimation based on phenology model LAI 

differed by up to 38% than that base on observed LAI. LAI from remote 

sensing EVI was relatively corresponded to observed one. Whereas MODIS 

LAI product with relatively low spatial resolution (500 m) could not perceive 

complex heterogeneity of temperate forest, and it provided 31% higher 

maximum value. Simulated GPP based on satellite-based LAI showed little 

difference (about 3.0%) in the coniferous forest and up to 8.9% difference in 

the broadleaf forest. Our study illuminates limitations of phenology model

and necessity to improve phenology model in both deciduous broadleaf and 
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evergreen needleleaf temperate forests. Spatial resolution of satellite which is 

used to retrieve LAI input was not influential when simulating GPP using 

LSM. On the other hand, it is recommended to use LAI data with sufficiently 

high spatial resolution so that it can reflect forest cover type of the site well.

Keywords: leaf area index, gross primary production, temperate forest, land 

surface model, phenology, MODIS, Landsat

Student Number: 2016-21462
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I. Introduction

Terrestrial gross primary production (GPP) is the largest component of global 

carbon cycle (Beer et al., 2010; Rogers et al., 2014), and it serves as an 

indicator of terrestrial ecosystem’s carbon sink capacity (Battin et al., 2009).

Even with its importance in global carbon cycle, it is impossible to measure 

GPP directly, especially at the stand or larger scales (Beer et al., 2010; Anav 

et al., 2015; Ma et al., 2015). Land surface model (LSM) is a key tool in 

understanding the global carbon cycle since it simulates the interaction 

between biosphere and atmosphere (Slevin, 2016). However, the simulation is 

complicated because it occurs in various spatial and temporal scales (Medvigy 

et al., 2009). In addition, there are various biological and non-biological 

factors affecting GPP, therefore the terrestrial GPP still remains as the largest 

uncertain part in the global carbon cycle (Friedlingstein et al., 2006; Sitch et 

al., 2008; Friedlingstein et al., 2014).

Leaf area index (LAI) is defined as total one-sided area of leaf per unit 

ground area (Stenberg et al., 1994) It is used for calculating canopy scale 

parameters such as canopy conductance, amount of photosynthesis, and 

radiation (Cox et al., 1998; Pitman, 2003; Clark et al., 2011), and used as a 

proxy for ecosystem productivity (Chen et al., 2005; Ryu et al., 2011; 

Murray-Tortarolo et al., 2013; Cao et al., 2015). Therefore, LAI is one of 

major components that affect GPP simulation by LSM (Chen et al., 2002; 

Richardson et al., 2012) through model structure (Randall et al., 1996; Cox et 

al., 1999), and meteorological input data (Jung et al., 2007; Slevin et al., 2015; 
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Slevin et al., 2017). For example, higher or lower than actual LAI caused

over- and under-estimation of GPP by LSM (e.g., Chen et al. 2015 and Slevin 

et al. 2017), and GPP simulation of LSM was improved by using the correct 

maximum annual LAI derived from remote-sensing (Slevin et al. 2015). 

Direct LAI measurements through leaf collection whether by destructive 

harvesting or non-destructive litter trap are time-consuming and laborious 

(Dufrêne and Bréda, 1995; Johnckheere et al., 2004). At the same time, it is 

not able to cover entire seasonality of LAI because it cannot cover leaf out 

and leaf expansion phase (e.g. Chason et al., 1991; Bréda 2003; Kwon et al., 

2016). Indirect methods such as canopy photography, and light comparison 

between above and below canopy are frequently used for retrieving LAI data 

(van Gardingen et al., 1999; Johnckheere et al., 2004). However, both direct 

and indirect methods are suitable for local scale study, and they are hard to 

apply to researches with large spatial scale (Johnckheere et al., 2004; 

Sprintsin et al., 2009). Therefore, many studies took LAI from phenology 

model (e.g. Arora and Boer, 2006; Murray-Tortarolo et al., 2013; Cao et al., 

2015) or satellite-based data (e.g. Lawrence and Slingo, 2004; Beer et al., 

2010; Slevin et al., 2015; Slevin et al., 2017) because these sources are easily 

accessible and can produce LAI in usable time step over desired space.

However, LAI from phenology model is often incorrect in terms of 

magnitude, and seasonality (e.g. Lim et al., 2010; Cao et al., 2015; Chen et al., 

2015). For example, Richardson et al. (2012) reported that no single one 

among fourteen terrestrial biosphere models characterized LAI dynamics well 

at five deciduous forest sites for seven years. The errors in leaf phenology 
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model is mainly caused by that current understanding of phenological 

processes is imperfect (Arora and Boer, 2005; Richardson et al., 2012). There 

are many accounted drivers of leaf phenology such as precipitation (Shen et 

al., 2015), irradiance (Saleska et al., 2007), temperature, carbon allocation 

(Richardson et al., 2012), day length, and soil moisture condition (Arora and 

Boer, 2005). Because the driver and its mechanism affecting leaf phenology 

vary complexly by species and biome, current phenology model showed 

considerable discrepancies compared with real value (Richardson et al., 2012; 

Tang et al., 2016).

In addition, satellites have their unique spatial (from a few meters to a 

few kilometers) and temporal (<1 day to 16 days) resolution. This variety in 

resolution affects accuracy of the LAI (Colombo et al., 2003) and eventually 

ecosystem productivity as well. Especially it could be more important in 

temperate forests, where vegetation cover is highly heterogeneous, containing 

evergreen needleleaf species and deciduous broadleaf species contemporarily 

within a same pixel (e.g., Kwon et al., 2016; Moon et al., 2016; Park et al., 

2018a), just like heterogeneous composition of temperate forest affected the 

simulated GPP by LSM (Park et al., 2018b). In spite of variety studies on 

comparison of satellite-based LAI with different spatial resolution was 

investigated (e.g., Soudani et al., 2006; Tong and He, 2013; Chen et al., 2017; 

Li et al., 2018), still there is no study about effect of the difference in LAI 

from spatial resolution of satellite on GPP simulation by LSM. Liu et al. 

(2018) concluded that difference in retrieving algorithm of satellite-based LAI 

effects on difference in simulated GPP by LSM. Spatial resolution of satellite 
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may also cause discrepancy in GPP simulation, and if it is confirmed that low

resolution data is reasonable choice with a small loss of accuracy, we can have 

more alternatives to save computing cost (Slevin et al., 2017). Therefore, it 

would be useful information to compare effect of LAI in various spatial 

resolutions on LSM operation and development.

In this study, we simulated GPP using LSM, named Joint UK Land 

Environment Simulator (JULES), with various LAIs including in-situ 

measurements, values from two satellites with different temporal and spatial 

resolutions, and LAI simulated from leaf phenology model. We investigated 

how their seasonality and inter-annual variation differ from those of the GPP 

result using in-situ observed LAI. We expected this study to be informative in 

understanding the effect of LAI on GPP simulation by LSM, and in selecting

which type of LAI to use. Specifically, we hoped to explain the research 

questions below: How much different is GPP simulation using satellite-based 

and phenology model LAI from that using in-situ measured LAI? Does the 

spatial resolution affect GPP simulation of LSM? Does inter-annual variation 

of GPP result by LSM vary depending on the type of LAI? 
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II. Data and Methods

1. Study site

This study was conducted in Mt. Taehwa, Gyeonggi Province, Korea. The 

mean annual precipitation was 953 ± 107 (standard deviation) mm and mean 

annual temperature was 12.7  (from ℃ -17.8  to 33.9 ) for 2015 and 2017℃ ℃

from weather station in study site. There are two types of vegetation cover in 

our study site – evergreen coniferous forest (TCK; 37.30482 N, 127.317489 E; 

178 m a.s.l.) and deciduous broadleaf forest (TDK; 37.304047 N, 127.314244 

E; 234 m a.s.l.). TDK is registered in AsiaFlux network (http://asiaflux.net/) 

as a name TBK.

In TCK, planted 50-year-old Korean pine (Pinus koraiensis Siebold et 

Zucc.) dominates the upper canopy. Stand density is 400 trees ha-1. Mean 

diameter at breast height of Korean pine is 29.1 ± 5.1 cm, and its basal area is 

27.4 m2 ha-1, which occupies over 90% of total basal area (Park et al., 2018a). 

There are Korean azalea (Rhododendron yedoense f. poukhanense (H. Lév.) 

M. Sugim. ex T, Yamaz.) and East Asian sumac (Toxicodendron trichocarpum

(Miq.) O. Kuntze) in understrory. 

TDK is natural forest and oak trees (Quercus ailena Blume, and Quercus 

variabilis Blume) dominate the upper canopy. Stand density is 1080 trees ha-1. 

Mean diameter at breast height of oak trees is 18.6 ± 5.1 cm, and its basal area 

is 17.6 m2 ha-1, which occupies 75% of total basal area. There are fragrant 

styrax (Styrax obassia Siebold et Zucc.), royal azalea (Rhododendron

schlippenbachii Maxim), East Asian sumac (Toxicodendron trichocarpum
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(Miq.) O. Kuntze), and Korean mountain ash (Sorbus alnifolia (Siebold et 

Zucc.) K. Koch) as understory species.

2. LAI source

2.1. In-situ observation

In-situ LAI observation was conducted using LAI-2200 plant canopy analyzer 

(Li-Cor, Lincoln, Nebraska). We measured LAI (LAIobs) every three weeks for 

period with leaf (April to November), and once in December and March for 

period without leaf (December to March). The radiation differences between 

above and bottom of canopy from LAI-2200 were converted to LAI using a 

software named FV2200 which Li-Cor provided. In the conversion, two rings 

from bottom (53˚ and 68˚) were excluded to prevent the overestimation of 

LAI by accounting land due to slope in our site (Dufrêne and Bréda, 1995). In 

addition, we subtracted mean LAI of TDK during winter from all measured 

values, which were regarded as stem area index from TCK and TDK, since 

LAI-2200 represents LAI including branch components (Colombo et al., 2003, 

Lim et al., 2010). After the exclusion of unreliable spiky data, the observation 

data was linearly interpolated to use.

2.2. Remote sensing

We used LAI and enhanced vegetation index (EVI) (Huete et al., 2002) 

products of moderate resolution imaging spectroradiometer (MODIS) and 

EVI calculated from Landsat surface reflectance product (Table 1). MODIS 
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LAI product (MCD15A3H, LAIMODIS_LAI) (Myneni et al., 2015) is obtained 

from two satellites of MODIS (Terra and Aqua). It is 4-day composite and the 

spatial resolution is 500 m. Both MODIS EVI product from Terra (MOD13Q1) 

(Didan, 2015a) and Aqua (MYD13Q1) (Didan, 2015b) are 16-day composite 

and have 250 m spatial resolution. Download was done with MODIS subsets 

tool of Oak Ridge National Laboratory Distributed Active Archive Center 

(ORNL DAAC) (https://modis.ornl.gov) (ORNL DAAC, 2017a, 2017b, 

2017c). At 500 m resolution, one pixel included both TCK and TDK sites, 

while at 250 m resolution, TCK and TDK were belonged to different pixels. 

Linear interpolation was used to deal with missing value. Unrealistic high 

values during the winter and leaf expansion period were either replaced with 

reliable previous values or interpolated in the time series (Kang et al., 2003; 

Slevin et al., 2015).

Landsat 8 operational land imager (OLI) and the thermal infrared sensor 

(TIRS) surface reflectance (LaSRC) product (Vermote et al., 2016) was 

retrieved in the Earth Explorer website (http://earthexplorer.usgs.gov/). 

LaSRC is atmospherically corrected product, and its spatial resolution is 30 m 

(Robinson et al., 2017). We used images only obtained from “clear” sky 

condition indicated by pixel quality attribute values of 322, 386, 834, 898, or 

1346 (U.S. Geological Survey (USGS), 2017). Surface reflectance was 

converted to EVI by following equation,

EVI = 
�.���(�������)

��(����������.�����)��
   (1)

where sf is 0.0001 as scale factor (U.S. Geological Survey (USGS), 2017). 
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RED, NIR, and BLUE are spectral reflectance ranging 620-670 nm, 841-876 

nm, and 459-479 nm, respectively. In Landsat, the RED corresponds to band 4; 

the NIR corresponds to band 5; the BLUE corresponds to band 2. The 

coefficients 6 and 7.5 are for aerosol resistance; coefficient 1 is for canopy 

background adjustment (Huete et al., 2002).

EVI from the two satellites was converted to LAI using two-period 

relationship method as Potithep et al. (2013). We separated whole season into 

two periods: 1) leaf-out to full expansion (period 1), and 2) full expansion to 

senescence (period 2). For each period, the best fitting models were selected 

among four types (simple, log-transformed, 2nd order polynomial, and 3rd

order polynomial) of regression with EVI as independent variable, and 

observed LAI as dependent variable (Table 1). In general, TDK, which has 

larger seasonal variation, and Landsat, which has higher resolution, showed 

better relationship than TCK and MODIS, respectively (Figure 1). Linearly 

interpolated values from estimated LAI were used for further simulation 

(Figure 2).
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Figure 1. Relationship between estimated LAI from satellite-derived EVI and observed LAI for each site 

(TCK and TDK) and satellite (MODIS and Landsat). Solid line is fitted from simple linear regression 

analysis; dashed line is 1:1 line. R2 is the coefficient of determination, and asterisks (***) denote 

statistical significance (p < 0.001) of F-test.
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Table 1. Regression equations and coefficients of determination (R2) of relationship between observed LAI and 

satellite-derived EVI for each site and satellite using two-period relationship method. Period 1 is from leaf-expansion 

to –saturation; period 2 is from leaf-saturation to –fall. Asterisks denote statistical significance of F-test (**, p < 0.01; 

***, p < 0.001).

Site Satellite Case Regression equation R2

TCK MODIS period 1 LAI = 6.164927 - 18.656305(EVI) + 27.30962(EVI2) 0.51*

period 2 LAI = -18.057016 + 157.6815457(EVI) - 366.46513(EVI2) + 277.3887(EVI3) 0.52
Landsat period 1 LAI = 13.7247386 - 60.256515(EVI) + 84.17618(EVI2) 0.52*

period 2
LAI = -273.2847056 + 1909.147624(EVI) - 4366.9257(EVI2) + 
3318.356(EVI3)

0.82**

TDK MODIS period 1 LAI = -1.814207 + 10.207316(EVI) 0.78***

period 2 LAI = -12.4625927 + 124.256044(EVI) - 299.88069(EVI2) + 235.2417(EVI3) 0.88***

Landsat period 1 LAI = 6.117105 + 3.3458431ln(EVI) 0.81***

period 2 LAI = -12.9897824 + 94.346317(EVI) - 171.08108(EVI2) + 102.8871(EVI3) 0.95***
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2.3. Leaf phenology model of JULES

Two kinds of JULES leaf phenology values were used. First, JULES

phenology LAI (LAIpheno) was obtained with default parameter values, where 

leaf off temperature (t_leaf_of_io) was set to -40 and 5℃ for TCK and TDK, 

respectively (Clark et al., 2011). The second one (LAIpheno_modi) used modified 

t_leaf_of_io value of 14.25 ℃ at TDK based on the observed LAI time-series 

at the study sites. This temperature was determined as the daily mean 

temperature of leaf out and off days. In conifer stand, TCK, the modification 

of t_leaf_of_io generated unrealistic LAI, so it was not applied in further 

simulation (Figure 2).

3. Model setup and input data

JULES, which is combined model of MetOffice Surface Exchange Scheme 

(MOSES, Cox et al., 1999) and Top-down Representation of Interactive 

Foliage and Flora Including Dynamics (TRIFFID, Cox et al., 2001), is land 

surface model of the Met Office Unified Model (UM) for simulating land 

surface scheme (Clark et al., 2011). JULES represents surface with nine types 

of tile: five plant functional types (broadleaf trees, needleleaf trees, C3 grass, 

C4 grass, and shrubs) and four non-vegetated tiles (urban, inland water, bare 

soil, and ice). JULES uses LAI input from constant value, forced LAI, or 

calculated from leaf phenology model of TRIFFID. 

In this study, JULES v4.7 was used. All required meteorological forcing 

data (downward short wave radiation, downward long wave radiation, 
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precipitation, wind speed, air temperature, air pressure, specific humidity) was 

measured or calculated from measurement at the sites (i.e. vapor pressure to 

specific humidity). Diverse LAIs were used as mentioned in part 2.2 (Table 2).

Soil evaporation and infiltration in JULES were modified as in Van den Hoof 

et al., 2013 (details in section 3.1.3). JULES parameter setup information is 

described in Table 3. Maximum rate of carboxylation (Vcmax) at 25  was ℃

controlled using neff_io, which produces Vcmax at 25  by multiplying by top ℃

leaf nitrogen concentration (Clark et al., 2011), by referring Vcmax value of 

77.7 μmol m-2 s-1 for TCK (Han et al. 2004), and 74.4 μmol m-2 s-1 for TDK 

(Watanabe et al. 2014). Canopy structure factor was set to 0.5 considering 

stand density (Pinty et al., 2006). Simulation period (year/month/day) was 

from 2015/01/01 to 2017/12/31 for TCK and from 2015/03/01 to 2017/12/31 

for TDK according the duration of available meterological data at each site. 

Spin-up was done to stabilize initial soil moisture and soil temperature in 

JULES (Li et al., 2011) with sufficient number of maximum cycle (101), and 

threshold (0.00001%).

Table 2. Configuration name of simulations and source of their LAI.

Configuration Name LAI Source
Obs measured by LAI-2200

Pheno JULES phenology model
Pheno_modi JULES phenology model with modified t_leaf_of_io value
MODIS_LAI MODIS LAI product
MODIS_EVI MODIS EVI product

Landsat Landsat EVI product
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Table 3. Parameter information used for JULES simulations of both needleleaf trees (NT) site (TCK) and broadleaf trees (BT) site (TDK).

Parameter Description TCK TDK Reference
Soil ancillary 
b Exponent in soil hydraulic characteristics 4.74 NIMS (2016)
sathh 1 / α (m-1) where α is a parameter of the van Genuchten model 0.315 NIMS (2016)
satcon Hydraulic conductivity at saturation (kg m-2 s-1) 0.013972 Saxton and Rawls (2006)
sm_sat Volumetric soil moisture content at saturation (m3 water per m3 soil) 0.45 Saxton and Rawls (2006)
sm_crit Volumetric soil moisture content at the critical point (m3 water per m3 soil) 0.18 Saxton and Rawls (2006)
sm_wilt Volumetric soil moisture content at the wilting point (m3 water per m3 soil) 0.08 Saxton and Rawls (2006)
hcap Dry heat capacity (J m-3 K-1) 1340000 NIMS (2016)
hcon Dry thermal conductivity (W m-1 K-1) 0.2049733 Peters-Lidard et al. (1998)
albsoil Soil albedo 0.279 NIMS (2016)
Tile Fraction

frac
The fraction of the land area in each gridbox that is covered by each of the 

surface types
NT 1.0 BT 1.0 -

Phenology
lai Leaf area index of each plant functional type (initial condition) 4.0 0.0 -
Plant functional type parameters

alpha_io Quantum efficiency (mol CO2 per mol PAR photons) 0.0923 0.0902
Björkman and Demming, 

(1987)

neff_io
Scale factor relating maximum rate of carboxylation with leaf nitrogen 

concentration
2.35e-

3
1.62e-

3
TCK: Han et al. (2004), 

TDK: Watanabe et al. (2014)
can_struct_a_io Canopy structure factor 0.5 0.5 Pinty et al. (2006)
lai_io Leaf area index of each plant functional type 5.0 4.0 -
Spin-up
smcl Moisture content of each soil layer (kg m-2) 0.00001% -
t_soil Temperature of each soil layer (K) 0.00001% -
max_spinup_cycles The maximum number of times the spin-up period is to be repeated 101 -
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4. Model evaluation and statistical analysis

We used root mean squared error (RMSE) and bias for evaluating simulation 

result. RMSE was used as a metrics for seasonal pattern and bias indicated 

degree of under- or overestimation. They are calculated for the period when 

observed LAI is greater than zero.

RMSE = �
∑ (��	�	��,�)

��	�	�
�	�	�

�
  (2)

Bias =
∑ ��
���
��� 	�	∑ ��,�

���
���

�
    (3)

where, xt is LAI other than LAIobs or GPPJULES, xo, t means LAIobs or GPPobs, 

and n is number of data.

5. Variation in SOS, EOS, and seasonal GPP

For the calculation of seasonal anomaly compared with observed data, start of 

season (SOS) and end of season (EOS) were set as Richardson et al. (2012) 

for all of LAIs and GPPs except LAIpheno in TCK. Prior to the two dates setup, 

daily GPP values were smoothed using smooth.spline() with spar = 0.9 in R 

3.4.3 (R Development Core Team, 2017) to prevent unrealistically early or 

late transition dates due to highly fluctuating weather data. SOS and EOS 

were determined as the date at which GPP rose to 20% of amplitude 

(maximum GPP – minimum GPP), and the date at which GPP dropped below 

20%, respectively. And then we calculated anomaly of SOS and EOS 1) 

between those of LAIobs and other LAIs, and 2) between those of GPPobs and 

other GPPs. In addition, all GPPs were divided into four seasons which 
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consist of 1) spring (March ~ May), 2) summer (June ~ August), 3) autumn 

(September ~ November), and 4) winter (December ~ February). For the four 

seasons, average (± standard deviation) GPP over the three years were 

calculated and compared to investigate contribution of each season to 

difference in GPP compared to GPPobs among the LAI sources.
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III. Results

1. LAI

In TCK, observed LAI (LAIobs) ranged from 2.53 m2 m-2 in April 2016 to 4.46

m2 m-2 in July 2016 (Figure 2a, Table 4). The maximum LAIobs in 2015 and 

2017 were 3.97 m2 m-2 in September and 4.10 m2 m-2 in September, 

respectively. JULES leaf phenology model (LAIpheno) provided constant LAI 

of 4.00 m2 m-2. LAIpheno showed larger RMSE and bias (0.73 m2 m-2 and 0.49

m2 m-2, respectively) than those of LAILandsat and LAIMODIS_EVI. Difference 

between LAIpheno and LAIobs ranged from -0.46 m2 m-2 to 1.46 m2 m-2, and this 

maximum difference from LAIobs was larger than that of LAILandsat and 

LAIMODIS_EVI. Maximum of LAIMODIS_EVI and LAILandsat were 4.16 m2 m-2 and 

4.26 m2 m-2, respectively. RMSE for the entire period of LAILandsat (0.27 m2 m-

2) was slightly smaller than that of LAIMODIS_EVI (0.35 m2 m-2), however they 

are almost unbiased compared with LAIobs (Table 4). Difference between 

LAIMODIS_EVI and LAIobs varied from -0.98 m2 m-2 to 0.65 m2 m-2, and, for 

LAILandsat, from -0.82 m2 m-2 to 0.73 m2 m-2. 

In TDK, LAIobs ranged from 0.00 m2 m-2 in period without leaf to 4.96

m2 m-2 in July 2016 (Figure 2b, Table 4). The maximum LAIobs in 2015 and 

2017 were 4.35 m2 m-2 in September and 4.96 m2 m-2 in July, respectively. 

Both LAIpheno and LAIpheno_modi had their minimum of 0.05 m2 m-2, and their

maximum LAI was about 5.00 m2 m-2. RMSE for the entire period of 

LAIpheno_modi (1.91 m2 m-2) was higher than that of LAIpheno (1.06 m2 m-2), and

both were larger than that of satellite-based LAI. Also, LAIpheno_modi had the 
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highest absolute value of bias for the entire period (1.14 m2 m-2). Difference 

from LAIobs ranged from -2.59 m2 m-2 to 3.47 m2 m-2 for LAIpheno, and from -

4.64 m2 m-2 to 0.79 m2 m-2 for LAIpheno_modi. Even though the pixel of MODIS 

LAI product includes both TCK and TDK sites, LAIMODIS_LAI showed a 

pattern of deciduous forest. LAIMODIS_LAI, LAIMODIS_EVI, and LAILandsat had 

their maximum of 6.49 m2 m-2, 4.71 m2 m-2, and 4.84 m2 m-2, respectively. 

Among the three remote sensing based LAIs, LAILandsat had the smallest 

RMSE and absolute bias for the entire period (0.50 m2 m-2 and 0.03 m2 m-2, 

respectively), and LAIMODIS_LAI had the highest values (1.26 m2 m-2 and 0.10

m2 m-2, respectively). Difference from LAIobs varied from -3.05 m2 m-2 to 1.68

m2 m-2 for LAIMODIS_LAI, from -2.05 m2 m-2 to 2.59 m2 m-2 for LAIMODIS_EVI, 

and from -1.96 m2 m-2 to 2.18 m2 m-2 for LAILandsat.
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Table 4. Min, mean, and max of each leaf area index (LAI) type. RMSE and bias were 

calculated against observed LAI (Obs) when it is over zero. Details of configuration is in 

Table 2.

Site Configuration Min LAI
(m2 m-2)

Mean LAI
(m2 m-2)

Max LAI
(m2 m-2)

RMSE
(m2 m-2)

Bias
(m2 m-2)

TCK Obs 2.53 3.51 4.46 - -
Pheno 4.00 4.00 4.00 0.73 0.49

MODIS_EVI 2.98 3.54 4.16 0.35 0.03
Landsat 2.87 3.50 4.26 0.27 0.00

TDK Obs 0.00 3.51 4.96 - -
Pheno 0.05 4.12 5.00 1.06 0.60

Pheno_modi 0.05 3.58 4.99 1.91 -1.14
MODIS_LAI 0.31 3.50 6.49 1.26 0.10
MODIS_EVI 0.01 3.29 4.71 0.57 -0.11

Landsat 0.01 3.48 4.84 0.50 -0.03

Figure 2. LAI time series for three years (from January 2015 to December 2017 for TCK, and from March 

2015 to December 2017 for TDK) of each LAI type in (a) TCK and (b) TDK. Description of abbreviation 

in legend is in Table 2, or in text. 
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Table 5. Mean annual GPP of simulation over three years. RMSE and bias 

were calculated against observed LAI (Obs) when it is over zero. Details of 

configuration is in Table 2.

Site Configuration Mean annual GPP  
(g C m-2 yr-1)

RMSE
(g C m-2 day-1)

Bias
(g C m-2 day-1)

TCK Obs 1751 - -
Pheno 1829 0.45 0.21

MODIS_EVI 1755 0.30 0.01
Landsat 1753 0.29 0.00

TDK Obs 1548 - -
Pheno 1581 0.95 0.04

Pheno_modi 1055 3.50 -1.96
MODIS_LAI 1560 1.03 -0.27
MODIS_EVI 1626 0.83 0.08

Landsat 1607 0.72 0.10

Figure 3. Simulated GPP of JULES for three years (from January 2015 to December 2017 for TCK, and 

from March 2015 to December 2017 for TDK) by using each LAI input in TCK and TDK. In the 

subplots, open grey circles stand for simulated GPP using observed LAI (GPPobs), and filled black circles 

stand for simulated GPP by JULES (GPPJULES) using LAIs other than observed one. Description of 

abbreviation in subplot title is in Table 2, or in text. 
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2. Average GPP

In TCK, yearly mean GPP for the entire period with observed LAI (GPPobs) 

was 1751.0 ± 80.3 g C m-2 yr-1. Compared with GPPobs, difference ranged 

from -0.5% (GPPLandsat) to 2.1% (GPPpheno) (Figure 3a, Table 5). RMSE ranged 

from 0.33 g C m-2 day-1 to 0.40 g C m-2 day-1, and bias ranged from -0.03 g C 

m-2 day-1 to 0.12 g C m-2 day-1. GPPpheno showed larger difference from GPPobs

than did GPP using satellite-based LAI in RMSE and bias. GPPMODIS_EVI was 

almost the same with GPPLandsat, and these two results showed only slight 

difference from GPPobs. In Figure 4a, among the three configurations for 

whole period, GPPLandsat located at the closest to GPPobs, and GPPMODIS_EVI

located almost the same position with that of GPPLandsat. GPPpheno placed 

farther from GPPobs than did GPPMODIS_EVI and GPPLandsat.

In TDK, GPPobs was 1548.2 ± 36.2 g C m-2 yr-1. Compared with GPPobs, 

difference ranged from -31.9% (GPPpheno_modi) to 5.0% (GPPMODIS_EVI) (Figure 

3b, Table 5). RMSE ranged from 0.72 g C m-2 day-1 to 3.50 g C m-2 day-1, and 

bias ranged from -1.96 g C m-2 day-1 to 0.10 g C m-2 day-1. GPPpheno_modi had 

the largest difference to GPPobs while GPPpheno showed relatively small one 

(0.7%). Also, GPPpheno_modi provided larger RMSE than did GPPpheno, and also 

highly biased compared with GPPobs while GPPpheno gave small bias. 

GPPMODIS_LAI had relatively small difference (-4.5%) compared to its large 

difference in maximum LAI (31%).  GPPMODIS_EVI was almost the same with 

GPPLandsat, and they showed quite small difference from GPPobs. RMSE of 

GPPLandsat was smaller than that of GPPMODIS_EVI, and they provided similar 

bias. In Figure 4b, GPPLandsat located at the closest position to GPPobs followed 
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by GPPMODIS_EVI, GPPpheno, GPPMODIS_LAI, and GPPpheno_modi

Figure 4. RMSE (x-axis) and bias (y-axis) in simulated GPP for whole study period (large symbols) and 

for each year (small symbols) in (a) TCK, and (b) TDK. Description of abbreviation in legend is in Table 

2, or in text. 

3. Inter-annual variation in GPP 

In figure 5, inter-annual variation in GPP of each configuration compared to 

GPPobs is shown. In TCK, all simulations except GPPpheno were smaller than 

GPPobs in 2017. GPPpheno, which was simulated using constant LAI through 

whole season (LAIpheno), was larger than GPPobs, but the degree of 

overestimation gradually decreased with time. GPPMODIS_EVI and GPPLandsat

had relatively small difference compared to GPPobs for whole three years 

(from -3.8 to 2.8%). In TDK, GPPpheno_modi showed smaller in every year. All 

the other configurations showed smaller than GPPobs in 2017 while were 

larger in 2015 and 2016. The degree of overestimation was larger in 2016 than 
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2015. Except GPPpheno_modi, the difference compared to GPPobs was relatively 

small in 2015 and 2017 (from -6.5 to 4.0%).  

Figure 5. Comparison of annual GPP among simulations with different LAI sources. Bars indicate 

difference in GPP for each year between simulated GPP using observed LAI and using other LAIs. 

4. Variation in SOS, EOS, and seasonal GPP

Figure 6 shows average (± standard deviation) difference in number of days in 

SOS and EOS of the configurations comparing with LAIobs and GPPobs. In 

TCK, SOS in terms of LAI was delayed in LAIMODIS_EVI by 16 ± 40 days (p = 

0.569), and EOS in terms of GPP was delayed in GPPpheno by 5 ± 5 days (p = 

0.840); but none of SOS and EOS in terms of LAI and GPP did not differ 

significantly. In TDK, however, there was significant difference in 

pheno_modi and MODIS_LAI (Figure 6b, d). pheno_modi had 32 ± 7 days 

later SOS compared to GPPobs in terms of GPP (p = 0.026); it also had 50 ± 

13 days later SOS in terms of LAI, but insignificant (p = 0.061). MODIS_LAI 
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had earlier EOS in terms of LAI (-39 ± 3 days, p = 0.002), and GPP (-19 ± 8

days, p = 0.049). Pheno_modi also had earlier EOS in terms of LAI (-26 ± 13 

days), and GPP (-19 ± 7 days), but both were insignificant (p = 0.072 and 

0.053, respectively).

Figure 6. (a) Average (± standard deviation) difference in number of days for start of season (SOS) and 

end of season (EOS) between (a), (b) observed LAI and other LAIs (except LAI from JULES phenology 

model in TCK) and (c), (d) simulated GPP using observed LAI and using other LAIs. Asterisks denote 

statistical significance of one-sample t-test for testing whether the average difference in number of days is 

0 or not (*p < 0.05; **p < 0.01).
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Figure 7 shows average (± standard deviation) difference in GPP for each 

season compared to GPPobs. In TCK, GPPpheno, which had constant LAI, 

showed larger GPP in spring (18.9 ± 12.3 g C m-2 month-1, p = 0.002) and 

winter (6.9 ± 3.4 g C m-2 month-1, p = 0.0003), which occupies 12.4% and 4.5% 

of mean annual GPPobs, respectively. In TDK, generally, spring season showed 

large differences. Only GPPpheno_modi was smaller than GPPobs in spring (-113.0 

± 105.4 g C m-2 month-1, p = 0.0123); other GPPs showed positive differences. 

Summer had the lowest absolute difference in GPP. In autumn GPPpheno_modi

and GPPMODIS_LAI were smaller than GPPobs; the others had larger one. In 

winter, except for GPPpheno_modi, all configurations had positive difference. 

Among them, the difference significantly occupied 6.2% for GPPMODIS_LAI (p < 

0.001), 4.8% for GPPMODIS_EVI (p < 0.01), and 2.2% for GPPLandsat (p = 0.02) of 

mean annual GPPobs.
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Figure 7. Comparison of seasonal GPP among simulations with different LAI sources. Bars indicate 

average (± standard deviation) difference in GPP for each season between simulated GPP using observed 

LAI and using other LAIs. A year was divided into four intervals: 1) Spring (March to May), 2) Summer 

(June to August), 3) Autumn (September to November), and 4) Winter (December to February). Asterisks 

denote statistical significance of one-sample t-test for testing whether the average difference in GPP is 0 

or not (*p < 0.05; **p < 0.01; ***p < 0.001).
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IV. Discussion

1. LAI source and JULES GPP inter-annual and 

seasonal variation 

GPP was generally overestimated in 2015 and 2016 while it was 

underestimated in 2017 except GPPpheno in TCK (Figure 5). The over- and 

under-estimation were resulted from difference in the timing of leaf-out and in 

leaf-out to leaf-saturation period. In 2017, the observed LAI showed earlier 

flushing on April 7th than in 2015 and 2016, and LAI also saturated earlier in 

2017 (April 21th) than other two years which had LAI saturation in the 

middle of May (Figure 2). MODIS and Landsat did not catch this earlier leaf 

–out and –saturation.

This seasonality problem in LAI from MODIS and Landsat caused 

seasonal GPP differences. LAIMODIS_LAI steadily contained leaves during 

winter (Figure 2b). Although it was not that high value, this high winter LAI 

caused 6.2% higher winter GPP of GPPMODIS_LAI (Figure 7b). Also spring 

GPPMODIS_LAI was higher in average although it was not significant. For 

autumn, LAIMODIS_LAI showed earlier leaf-fall than LAIobs (Figure 2b), which 

caused 10.8% lower GPP than GPPobs. LAIMODIS_EVI and LAILandsat also had the 

similar problem with that of LAIMODIS_LAI. They had slightly high winter LAI, 

which resulted in higher winter GPP (4.8% and 2.2%, respectively); they had 

high spring GPP in 2015 and 2016 due to their high LAI. However, in summer, 

all configurations except pheno_modi had almost no difference compared to 

GPPobs. This was caused by that GPP saturation in JULES with increasing 
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LAI. In other words, GPP does not increase with LAI linearly but 

asymptotically due to effect of clumping (Chen et al., 2012) and self-shading 

(Street et al., 2007). JULES also considers those effects. For example, in TDK, 

as GPP is saturated after LAI becomes higher than 4.5 m2 m-2 (Figure 8). GPP 

saturation in JULES caused small differences in summer when the 

photosynthesis occurs in the most active rate. And, in turn, it caused relatively 

small difference in annual GPP among the configurations except GPPpheno_modi.

Figure 8. Relationship between LAI input and corresponding GPP estimated 

by JULES. Dashed vertical line is GPP when LAI is 4.5 m2 m-2. 

2. Limitation of JULES phenology model

In this section, two limitations of JULES phenology model would be 

discussed. As the first one, in TCK, JULES phenology model displayed 

constant LAI as 4.00 m2 m-2 throughout the entire period (Figure 3a). The 

constant LAI is outcome of low default value of the threshold temperature (-
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40 )℃ in JULES for needleleaf forest (Clark et al., 2011), which is far less 

than the minimum temperature in study site (-17.6 ). Problem of stationary ℃

LAI can be resolved by making the threshold temperature higher. However, 

this modification caused the drop down of LAI to near 0 m2 m-2 similar to 

LAIpheno and LAIpheno_modi of TDK (Figure 2b). JULES phenology model 

cannot produce the realistic LAI of evergreen needleleaf forests, which have 

seasonal variability of LAI with the minimum value (2.75 m2 m-2 in TCK) 

greater than 50% of the maximum LAI.

A simple way to overcome the limitation is setting up the minimum 

annual LAI. In JULES phenology model, LAI is the product of balanced (or 

seasonal maximum) LAI and phenological state (p) which ranges between 0 

and 1 (Clark et al., 2011). The p is constrained silently to have minimum 

value of 0.01 in JULES source code. To simulate better LAI for TCK, the 

minimum value of p is modified to 0.6875 referring to LAI observation. This 

modification, compared to the previous one (Figure 2a), enables JULES to 

represent seasonal fluctuation of LAI in TCK better (Figure 9a).



２９

Figure 9. (a) Comparison between observed LAI and simulated LAI of JULES phenology model in TCK 

after explicitly specifying the minimum value of leaf phenology state. (b) Comparison between observed 

LAI and simulated LAI of JULES phenology model in TDK after explicitly specifying the threshold 

temperature over which leaf start to flush out and below which leaf start to fall. In both plots, cross marks 

mean observed LAI when it measured, and each point is connected along with linear interpolation line. 

Filled circles mean simulated LAI by JULES phenology model of every three months.

As the second limitation, JULES is inflexible in simultaneously adjusting 

the start of season (SOS) and the end of season (EOS). That is, in the model, 

if SOS starts late, EOS ends early, and EOS should be later when SOS 

become earlier. It is impossible to let both SOS and EOS be earlier or later at 

the same time. JULES phenology model determines when the leaves start to 

out or to drop using a threshold temperature (Clark et al., 2011). With default 

value of the threshold temperature, there are lots of discrepancies in the 

timing of leaf out and leaf fall from the observed one (Figure 2b). Although 

we used realistic threshold temperature referring to time series of observed 

LAI, the phenology model poorly represented start of season over the three 



３０

years (Figure 2b). According to LAI observation, leaf flushed at 10.5 , ℃

while it started to fall at 19.25  ℃ in average. This inconsistency between leaf-

out and –fall temperature shows us that it is unreasonable to determine leaf 

phenology with only a temperature related to leaf-fall.

In this context, JULES phenology model could be improved by adding a 

new temperature over which leaves start to flush out. JULES source code was 

modified to consider the leaf-out and –fall temperature, contemporarily. As 

the result, compared to the previous one (Figure 2b), JULES LAI estimation 

in TDK got better (Figure 9b). No more making EOS earlier affects SOS, 

therefore more correct LAI estimation is possible.

Poor LAI representation by JULES phenology model resulted in large 

errors in GPP simulation (Figure 3). In both sites, difference between GPPobs

and GPPJULES using phenology model of JULES in terms of RMSE and bias 

was larger than difference between the GPPobs and the GPPJULES using 

satellite-based LAI (Figure 4b, Table 5). Although simple solutions for the 

two limitations of JULES phenology model were shown above, still the model 

could be improved by correcting remaining problems such as inaccurate inter-

annual variation of LAI (Figure 9). There are many more sophisticated 

methods of representing leaf phenology (e.g. Arora and Boer, 2006; 

Richardson et al., 2013; Wang et al., 2018). However, no single method 

predicts leaf phenology accurately, which urges further work in phenology 

model development (Medvigy et al., 2009; Richardson et al., 2012; Fisher et 

al., 2018).



３１

3. Effect of spatial resolution

We used data from two satellites – Landsat and MODIS – to retrieve LAI. 

They have different spatial resolution each other (30 m for Landsat, and 250 

m and 500 m for MODIS), Because remote sensing with low spatial 

resolution cannot recognize whole types of forest cover in spatially 

heterogeneous region (Colombo et al., 2003), it could be useful to understand 

the effect of its spatial resolution on LSM performance for selecting LAI In 

our case, MODIS LAI product with 500 m resolution (LAIMODIS_LAI) could not 

differentiate between deciduous forest and coniferous forest which were all in 

a same pixel, and LAIMODIS_LAI represented LAI of the pixel as that of 

deciduous forest only (Figure 2b). Forest cover type is as import component 

as LAI in surface fluxes (Oleson and Bonan, 2000). For this reason, it should 

be always concerned whether the spatial resolution of satellite is sufficient or 

not for target region. 

In addition, MODIS LAI product provided the maximum value over the three 

years in TDK as 6.49 m2 m-2 which was 31% higher than LAIobs. Kwon et al. 

(2016) measured LAI in TDK by litter trap method, which resulted in similar 

maximum LAI (5.2 m2 m-2) with our measurement. LAIMODIS_EVI and 

LAILandsat also showed relatively good agreement with LAIobs than did 

LAIMODIS_LAI (Table 4). The large error of LAIMODIS_LAI would be resulted from 

absence of assimilating observed LAI. Even though LAIMODIS_LAI was 31% 

higher than LAIobs in maximum value, GPPMODIS_LAI was just 0.8% higher 

than GPPobs (Table 5). This was caused by GPP saturation in JULES as Figure 

8 and relevant text explain in discussion 1. As a result, high LAIMODIS_LAI
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(6.49 m2 m-2) caused GPPJULES became decreased. This shows that response of 

LSM to different LAI input can also differ by model structure.
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V. Conclusions

In conclusion, phenology model produced constant LAI for evergreen 

needleleaf forest where LAI fluctuates over the year. In deciduous forest the 

estimated LAI from the phenology model provided extended leaf saturation 

period than that of observed LAI. This extended saturation period of LAI 

from phenology model resulted in relatively less erroneous simulated GPP by 

LSM thanks to asymptotic relationship between LAI and GPP in LSM. But 

the inaccurate LAI resulted in high RMSE by seasonal GPP discrepancy, 

especially in spring. In addition, phenology model was able to be simply 

modified for flexible adjustment of SOS and EOS and to provide minimum 

LAI more than zero. However, there was remained problems to fix such as 

interannual variation. LAI product of MODIS represented a pixel containing 

both deciduous broadleaf forest and evergreen needleleaf forest as just 

deciduous broadleaf forest. This misrepresentation would affect GPP 

estimation in LSM because the two forest types have different seasonal 

pattern of LAI. Therefore, when selecting satellite-based LAI source, it should 

be considered whether the product can sufficiently perceive heterogeneity of 

aimed forest region. Landsat which has high spatial resolution (30 m) 

provided more accurate LAI than did MODIS which has coarse spatial 

resolution (250 m, 500 m), but the difference in LAI was not influential. Their 

difference in GPPJULES compared to GPPobs was larger in TDK.
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Abstract (in Korean)

본 연구에서는 다양한 종류의 엽면적지수가 Joint UK Land 

Environment Simulator (JULES) 지면모형이 온대 상록침엽수림과

낙엽활엽수림의 총일차생산량을 모의하는 데 미치는 영향을

분석했다. 엽면적지수는 LAI-2200을 이용해 3년 간(2015-2017) 

측정했다. 비교 대상 엽면적지수는 서로 다른 시공간 해상도를

가지는 두 위성(Landsat과 MODIS)의 enhanced vegetation index 

(EVI) 자료에서 추정한 것, MODIS의 엽면적지수 자료, JULES 

지면모형에서 사용하고 있는 생물계절모형에서 추정한 것이다.

다양한 방법으로 추정한 엽면적지수와 측정한 엽면적지수를

비교했고, 이를 JULES에 입력했을 때 총일차생산량 모의가 어떻게

달라지는지 살펴봤다. 그 결과, 생물계절모형의 엽면적지수는 두

지역에서 모두 관측 엽면적지수와 큰 차이를 보였다. 이는

생물계절모형을 변형한 후에도 개선되지 않았는데 JULES 

생물계절모형 알고리즘이 지나치게 단순하여 엽면적지수를 정확히

추정하는 데 한계를 보였다. 결과적으로 생물계절모형을 사용했을

때는 관측 엽면적지수를 사용했을 때와 비교해 총일차생산량에

최대 37%까지 차이를 보였다. 위성자료 EVI에서 추정한

엽면적지수는 관측 엽면적지수와 크기와 시계열 경향에서 비슷한

모습을 보였다. 반면 MODIS의 엽면적지수 자료는 공간해상도가

낮아(500m) 해당 격자 내의 침엽수림을 표현하지 못 하여
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엽면적지수를 활엽수림 엽면적지수의 모양으로 나타냈고, 연

최댓값을 측정치보다 31% 더 높게 추정했다. 위성 기반

엽면적지수를 사용해 모의한 총일차생산량은 관측 엽면적지수를

사용했을 때와 상록침엽수림에서 1.0%, 낙엽활엽수림에서 5.6%

차이를 보였다. JULES에서 총일차생산량 모의의 연간 변이는

엽면적지수에 따라 차이를 보이지 않았고, 대신 토양수분 조건에

따라 좌우됐다. 본 연구에서는 JULES의 생물계절모형이 가지는

한계를 조명했다. 엽면적지수 입력 자료의 공간해상도는

침엽수림보다 활엽수림에더 더 큰 영향을 나타냈다. 그리고

대상지를 이루는 다양한 식생을 모두 반영하기 위해 충분히 높은

공간해상도를 가지는 위성자료를 사용해야 함을 확인했다.

주요어 : 엽면적지수, 총일차생산량, 지면모형, JULES, 

생물계절모형, MODIS, Landsat, 온대 산림
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누나, 걸을 때 왼발을 꺾는 벨렌, 한국 회식이 익숙한 나라얀

박사님, 댄디한 능력자 장훈이 형, 암기왕 유경이, 새벽에 도시락
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만드는 태경이, 외부인 같지 않은 명수민 선생님. 감사합니다.

생태방 종빈이 형, 현정 누나, 지선이 형, 종우 형. 육종학실 양길이,

순호 형, 지민 누나, 혜인이, 다빈이. 공학실 현제, 송이 형, 기문이

형. 경영학실 윤구 형, 수정이. 보호학실 민정이, 준형이. 경제학실

소희 누나. 휴양학실 동환이 형. 야동학실 지현 누나, 한규 형.

분류학실 혜원 누나, 신영이. 환경대 승철이 형, 지연 씨, 민정 씨.

감사합니다.

연구를 진행 할 수 있도록 숙소, 조사구 위치, 필요한 도구와 사용

방법 등 모든 기반을 마련해준 문이만 팀장님, 김명필 팀장님, 남부

학술림의 조선희 선생님, 이성재 선생님과, 태화산 학술림의 이승현

선생님, 그리고 이용섭 선생님께 감사드립니다.

마지막으로 저를 인도해주신 양채진 원장선생님. 저를 위해

기도해주신 할아버지 할머니. 항상 신경써주신 외할머니. 믿고

응원해주시는 부모님과 누나. 감사합니다.
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