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Abstract

Gross Primary Production (GPP) is an important metric for tracking vegetation health on

a large scale and plays a vital  role in the Earth's carbon cycle.  Understanding the daily

fluctuations in GPP is key for grasping how plants respond to environmental stress, which

are likely to occur more frequently due to climate change. With advanced satellites, we can

now gather surface data like solar radiation and land surface temperature more frequently,

potentially helping us to estimate GPP daily.

1. Introduction

Terrestrial gross primary production (GPP) is one of the largest CO2 fluxes between land

and atmosphere, which is a key component in understanding the global carbon cycle and

carbon-climate feedbacks (Running et al., 2000; Janzen, 2004; Beer et al., 2010; Xia et al.,

2015).  The impact  of  human-driven  climate  change  on  terrestrial  GPP affects  the  heat,

water, and carbon budgets over terrestrial surfaces, further complicating the projection of

climate change (Ozanne et al., 2003; Cox et al., 2013;  Friedlingstein et al., 2019). On the

other hand, GPP is a key indicator for understanding vegetation productivities at the regional

scale (Kalfas et al., 2011; Peng et al., 2019; Jiang et al., 2021; Li et al., 2021a). Changes in

GPP due to extreme events, such as heat waves, droughts, and heavy rainfall, are linked to

impacts on crop productivity and regional-scale ecosystems (Ciais et al., 2005; Reeves et

al., 2005; Zscheischler et al., 2014; Chen et al., 2019; Xu et al., 2020). Extreme events are

projected to occur more intensely and frequently with climate change (Imada et al., 2018;

Zhang et  al.,  2022).  Thus,  understanding and monitoring GPP at  various spatiotemporal

scales are important for addressing impact of climate change.

Satellite remote sensing represents a widely employed methodology for estimating GPP

at regional to global scales over 8-day or longer temporal scales. Its repeated and expansive

coverage of observation enables the monitoring of  spatiotemporal variations in terrestrial

GPP. To date, Many GPP estimation models have been proposed using remote sensing

data,  including  data-driven  models  (Yang  et  al.  2007;  Jung  et  al.  2011),  semi-empirical

models  (Goets et  al.  1999;  Heinsch  et  al.  2006;  Yuan et  al.  2007),  and process-based

models (Sasai et al. 2005). These models have been widely applied to monitor seasonal and

interannual variations in GPP (Goetz et al. 2000; Running et al., 2004). Such approaches



are effective to understand terrestrial GPP variations in an effective way, because the model

algorithms are much faster and simplified compared to process-based modeling and can

obtain better performance in an effective manner (Cai and Prentice, 2019).

With an advancements of new generation geostationary satellites, such as Himawari-8,

Geostationary Operational Environmental Satellite R-Series (GOES-R), Geostationary Korea

Multi-Purpose  Satellite-2A  (GEO-KOMPSAT-2A),  and  FengYun-4A,  possibility  to  monitor

sub-daily  GPP is  increasing (e.g.,  Bessho et  al.,  2016;  Wang et  al.,  2020).  The optical

sensors on these satellites have been added multiple solar reflective and thermal infrared

bands  and  improved  spatiotemporal  resolution,  enabling  them  to  provide  land  surface

parameters such as downwelling shortwave radiation (SRd),  vegetation indices,  and land

surface temperature (LST) that are useful for estimating sub-daily GPP (Cheng et al., 2020;

Chen et al., 2021). Xiao et al. (2021) demonstrated that a semi-empirical light use efficiency

(LUE) model driven by the Himawari-8 data has a possibility to represent the variation in

diurnal GPP due to a heatwave at one site in Australia. Khan et al. (2022) attempted to

monitor GPP in an oak savanna in California, USA, using different semi-empirical models

driven  by  GOES-R data.  Of  those  models,  an  LUE model  and  a  light  response  curve-

product  of  near-infrared reflectance  of  vegetation  and  photosynthetically  active  radiation

(LRC-NIRvP) model were shown to capture a shift in peak GPP to the morning, a unique

diurnal pattern in the dry summer. Jeong et al (2023) showed that atmospheric corrected

and Bi-directional Reflectance Distribution Function (BRDF) normalized NIRvP tracks diurnal

GPP well at cropland and forest sites in South Korea. 

There  are  still  issues  regarding  the  applicability  of  semi-empirical  models  driven  by

geostationary satellite data to diurnal GPP estimation. Previous studies have applied models

focusing  on  semi-arid  regions  (Xiao  et  al.,  2021;  Khan  et  al.,  2022),  however,  further

discussion  of  their  applicability  under  humid regions  is  also  necessary.  The models  are

required to represent GPP variability induced by a large diurnal range of irradiance, which

were not assumed originally. Furthermore, the models also need to represent the difference

in photosynthetic rate between clear and cloudy conditions (Alton et al., 2007; Zhang et al.,

2020), which changes dramatically under humid climates. Besides, it is necessary to clarify

not only the issues regarding the model itself, but also the effects caused by the input data

uncertainties when performing a regional estimation.

To address the above issues, this study aimed to evaluate the effectiveness of the LUE

models  in  estimating diurnal  GPP at  cropland and forest  sites in  East  Asia.  In  order  to

improve the bias of existing LUE models in diurnal estimation, we propose a refined model

that considers large diurnal ranges of irradiance by controlling LRC. We also run the refined

LUE model using Himawari-8 SRd  data and numerical weather model data as inputs, and



discussed the issues in regional GPP estimation. Additionally, we utilized Himawari-8 LST

data  to  represent  the  thermal  environment  at  vegetation  surfaces,  and  discussed  its

effectiveness in estimating environmental stress.

2. Materials and methods

2.1. Materials

2.1.1. In-situ flux tower data

Calibration  and  verification  of  the  LUE  models  were  performed  using  flux  tower

observation data at four vegetation sites: Takayama deciduous broadleaf forest site (TKY);

Cheorwon  rice  paddy  site  (CRK);  Gwangneung  coniferous  forest  site  (GCK);  and

Gwangneung deciduous forest site (GDK). The sites' locations in the Japanese archipelago

and the Korean peninsula are shown in Figure 1, and their geographic conditions are shown

in Table 1. The climate around TKY site in the highlands is warm-summer humid continental

climate (Dfb) of the Köppen climate classification, whereas CRK, GCK, and GDK sites are

monsoon-influenced  hot-summer  humid  continental  climate  (Dwa).  All  these  sites  are

registered in the AsiaFlux network (https://www.asiaflux.net/).

Table 1. Site information used in this study.

Site name

Takayama

deciduous

broadleaf forest

Cheorwon  rice

paddy

Gwangreung

coniferous forest

Gwangreung

deciduous forest

Site code TKY CRK GCK GDK

Location 36.146 °N

137.423 °E

38.201 °N

127.251 °E

37.748 °N

127.162 °E

37.749 °N

127.149 °E

Altitude 1420 m 181 m 132 m 252 m

Vegetation type Cool temperate 

deciduous forest

Rice paddy Coniferous forest Mixed deciduous 

forest

Canopy height 15–20 m ~1 m 28 m 20 m

Sensor (SRd, LRu, 

LRd)

MR-50,

EKO Co., Japan

CNR4,

Kipp & Zonen B.V.,

Netherlands

CNR1,

Kipp & Zonen B.V.,

Netherlands

CNR1,

Kipp & Zonen B.V.,

Netherlands

Sensor (CO2, LE, H)

- 3D sonic 

anemometer

DA600-3TV,

KAIJO Co., Japan

CSAT3, Campbell 

Sci., Inc., USA

CSAT3, Campbell 

Sci., Inc., USA

CSAT3, Campbell 

Sci., Inc., USA

- Infrared gas 

analyzer

LI-6262,

LI-COR Inc., USA

LI-7200,

LI-COR Inc., USA

LI-7200,

LI-COR Inc., USA

EC155, Campbell 

Sci., Inc., USA



Mounting height 25 m 10 m 40 m 38 m

The  flux  and  meteorological  variables  used  were  GPP,  SRd,  up-  and  downwelling

longwave radiation (LRu and LRd, respectively), air-temperature (Ta), and relative humidity

(RH). These variables were observed at the height above the canopy and were provided

every 30 min. The information on the instruments and their mounting heights at each site are

listed in Table 1. We used observations when SRd was greater than 0 Wm-2 for the period

June 1–August 31, 2016–2018. LRu and LRd were used to estimate LST, and Ta and RH

were used to estimate vapor pressure deficit  (VPD).  The estimation of LST is based on

thermal radiative transfer theory (e.g., Wang et al., 2008; Malakar et al., 2018; Duan et al.,

2021), thus requiring the surface 3–14 μm broadband emissivity (BBE) as well as longwave

radiation. The BBE at each site was estimated from the ASTER Global Emissivity Database

(Hulley et al., 2015) at 100 m resolution using the conversion formula proposed by Cheng et

al. (2013).

2.1.2. AHI data

Himawari-8 AHI SRd and LST data from June 1 to August 31, 2016–2018 were used for

the regional estimation of the GPP covering the area around the Japanese archipelago and

the  Korean  peninsula.  The  SRd and  LST  data  were  obtained  from  the  Center  for

Environmental  Remote  Sensing  (CEReS)  at  Chiba  University,  Japan.  These  data  are

geometrically  corrected  and  resampled  to  an  equal  latitude-longitude  grid.  The  spatial

resolutions of the SRd and LST data are 0.01° and 0.02°, respectively,  and the temporal

resolutions  are  both  10  min.  The  AHI  SRd estimation  is  based  on  radiative  transfer

calculations using a neural network. Cloud optical thickness, cloud-particle effective radius,

and surface albedo are estimated from the AHI observations and act as the primary inputs

driving the high spatiotemporal variability of SRd. A homogeneous plane-parallel and single-

layer cloud model (Nakajima and Nakajima, 1995; Kawamoto et al., 2001) are assumed in

the retrieval of cloud optical thickness and cloud-particle effective radius. The AHI SRd has

shown an accuracy of approximately 70–80 Wm-2 root mean square error (RMSE) under all-

sky conditions in validation using ground observations (Damiani et al., 2018). The AHI LST is

retrieved using a nonlinear three band method, which requires brightness temperature and

land surface emissivity (LSE) of AHI three thermal infrared (TIR) bands (centered at 10.4,

11.2, and 12.4 μm) as the primary inputs. The LSE of the three TIR bands were estimated

by a semi-empirical method based on land cover classifications and Normalized Difference

Vegetation Index (NDVI). Uncertainty of the AHI LST is less than 2.0 °C for a fully vegetated

pixel. 

2.1.3. MODIS product



The fraction of photosynthetically active radiation (FPAR), an input of LUE models was

obtained from MODIS combined Leaf  Area Index (LAI)  and FPAR product  (MOD15A2H

Collection 6.1: Myneni et al., 2002; Yan et al., 2016). The product is generated as 8-day

composite at 500 m resolution, and we used the FPAR data from June 1 to August 31,

2016–2018.  The  FPAR  data  were  processed  for  quality  control  and  gap-filling.  Diurnal

changes in FPAR were not considered and it was assumed to change at 8-day intervals. LAI

and FPAR are estimated by an algorithm based on look-up tables (LUTs), using MODIS

surface reflectance at 7 spectral  bands as primary inputs.  The LUT is generated from a

three-dimensional radiative transfer model that considers the optical  properties of leaves,

stems,  and  soil  in  the  vegetation  canopy  and  links  the  surface  spectral  bi-directional

reflectance factors to both the structural and optical properties of the vegetation canopy and

soil. The LUTs include six biome types, and the biome types are classified from MODIS land

cover data.

2.1.4. Numerical model data

The  Ta  and  RH  data  from June  1  to  August  31,  2016–2018  used  for  the  regional

estimation of the GPP were obtained from the AMATERASS dataset, the same source of the

AHI SRd (http://www.amaterass.org/data.html). To begin with, the Ta and RH data are the

analysis  data of  the meso-scale model  of  the Japan Meteorological  Agency (JMA-MSM;

Saito et al., 2006) which is a numerical weather prediction model. The spatial resolution is 5

km, and the temporal resolution is 3 hours (00, 03, 06, 09, 12, 15, 18, and 21 coordinated

universal time (UTC)). In the AMATERASS data set, these spatiotemporal resolutions are

interpolated to the 0.01° and 10-min resolutions, similar to the AHI SRd. 

2.2. Model description

LUE models have been widely used in satellite based GPP estimation (e.g., Heinsch et

al., 2006; Chen et al., 2009; Yuan et al., 2010; Cai and Prentice, 2019). The LUE model is

based  on  the  assumption  that  GPP  can  be  directly  expressed  using  absorbed

photosynthetically active radiation (APAR) and LUE, defined as the efficiency of producing

carbon from APAR (Monteith, 1972). The LUE is assumed to decrease from the theoretical

potential value by factors of environmental stresses due to temperature and dryness near

the vegetation canopy surface. The general form of the LUE model can be written as:

GPP=PAR×FPAR× LUEmax×f (T s ,W s ,…) (1)

where  PAR is  photosynthetically  active  radiation  (Jm-2s-1),  FPAR is  fraction  of  absorbed

PAR, LUEmax is  the potential  LUE (gCJ-1)  under ideal  environmental  conditions,  and f(Ts,

Ws, ...) is a factor of environmental stress including temperature stress (Ts) and water stress

http://www.amaterass.org/data.html


(Ws). The product of PAR and FPAR is the APAR, and the product of LUEmax and f is the

actual LUE. PAR was estimated as SRd × 0.5 (McCree et al., 1981).

In this study, we used MODIS GPP model, eddy covariance (EC)-LUE model, and our

proposed refined LUE models for estimating the diurnal changes in GPP. The MODIS GPP

and EC-LUE models  have been widely  used for  GPP estimation in  various  ecosystems

(Yuan et al., 2014; Yuan et al., 2019; Jiang et al., 2021; Li et al., 2021b; Khan et al., 2022),

and they each have different calculation of environmental stress factor. Corresponding to the

different magnitudes of environmental stress factors, the magnitude of LUEmax also differs

between the models.

2.2.1. MODIS GPP model

The MODIS GPP model (Running et al., 2004) is an LUE model used in the MODIS GPP

product (MOD17), and f in eq. (1) is calculated as follows:

f=T s×W s
(2)

T s=¿ (3)

W s={
0∧VPDmax≤VPD

VPDmax−VPD

VPDmax−VPDmin

VPDmin<VPD<VPDmax

1∧VPD ≤VPDmin

(4)

where Tmin (°C) is the air temperature at which LUE is 0 due to low-temperature stress, Tmax

(°C) is the air temperature at which LUE is 1 under ideal VPD, VPDmin (hPa) is the VPD at

which LUE is 1 under ideal Ta, and VPDmax (hPa) is the VPD at which LUE is 0 due to water

stress. Ta (°C) and VPD (hPa) are observed values. Default values for these parameters are

assigned to each land cover classification (Running et al., 2000; Mu et al., 2007), as shown

in Table 2. Since the MODIS GPP model has originally been used to estimate GPP longer

than daily scale, Ta represents the daily minimum temperature, and Tmin and Tmax are the

corresponding values. In this study, however, Ta was used as Ta every 30 min within a day

(Khan et al., 2022).

2.2.2. EC-LUE model

The EC-LUE model developed by Yuan et al. (2007) calculates f in eq. (1) as follows:

f=min (T s ,W s ) (5)



T s={
0∧T a<Tmin∨Tmax<Ta

(T a−Tmin)(T a−T max)

(T a−T min)(T a−Tmax)−(T a−T opt)
2
∧Tmin≤Ta≤Tmax

(6)

W s=
VPD0

VPD+VPD0

(7)

where Topt (°C) is the optimal air-temperature for photosynthesis (LUE is 1 under ideal VPD),

Tmin and Tmax are the air-temperatures at which LUE is 0 due to low- and high-temperature

stress, respectively, and VPD0 is the VPD at which Ws is 0.5. The EC-LUE model considers

temperature stress due to high temperatures as well as low temperatures, whereas the MODIS-

GPP  model  does  not  consider  stress  due  to  high  temperatures. Default  values  for  the

parameters are assigned to each land cover classification (Yuan et al., 2019), as shown in

Table 2. The f is taken to be the minimum value in Ts and Ws following Liebig's Law.

Table  2.  Default  values  of  LUE  model  parameters  for  each  site.  The  parameters  are

assigned by land cover classification.  The land cover classes corresponding to the sites

were referred to the MCD12Q1 Collection 6 product (Sulla-Menashe et al., 2019). The GCK,

GDK, CRK, and TKY sites are mixed forest, deciduous broadleaf forest, cropland, and mixed

forest, respectively.

LUE model Parameter GCK GDK CRK TKY

MODIS GPP

Tmin (℃) -7.00 -6.00 -8.00 -7.00 

Tmax (℃) 9.50 9.94 12.02 9.50 

VPDmin (hPa) 6.5 6.5 6.5 6.5 

VPDmax (hPa) 24.0 16.5 43.0 24.0 

LUEmax (gC·MJ-1) 1.051 1.165 1.044 1.051 

EC-LUE

Tmin (℃) 0.00 0.00 0.00 0.00 

Topt (℃) 20.33 20.33 20.33 20.33 

Tmax (℃) 40.00 40.00 40.00 40.00 

VPD0 (hPa) 4.1 5.4 8.9 4.1 

LUEmax (gC·MJ-1) 3.46 2.02 2.85 3.46 

2.2.3. Refined LUE models

We proposed a refined LUE model in which the APAR is scaled by the light-response

curve based on the Michaelis-Menten model (Michaelis and Menten, 1913). The Michaelis-

Menten model expresses a relationship between APAR (or PAR) and GPP as a rectangular

hyperbolic  light-response  curve  by  considering  the  photochemical  efficiency  of



photosynthesis  at  low  irradiance  and  light  saturation  at  extremely  high  irradiance.  In

estimating  diurnal  GPP,  low  irradiance  during  twilight  and  light  saturation  around  noon

should be assumed. Thus,  the term for  APAR (= PAR × FPAR) in eq.  (1)  is scaled as

APARLRC by the light response curves as follows:

APARLRC=
αAPARβ
β+αAPAR

(8)

where α is the initial slope of the light–response curve and β is the maximum APAR at the

light saturation point. The APARLRC increases initially with PAR. Its increasing trend levels off

as PAR exceeds the light saturation point and eventually becomes β. The refined MODIS

GPP and EC-LUE models are referred to as the LRC-MODIS model and the LRC-ECLUE

model, respectively.

2.3. Analysis

2.3.1. Calibration and verification of LUE models

Four LUE models were calibrated for each site using flux tower observation data. The

parameters calibrated were Tmax, VPDmax, and LUEmax for the MODIS GPP model; Topt, VPD0,

and LUEmax for  the EC-LUE model;  α,  β,  Tmax,  VPDmax,  and LUEmax for  the LRC-MODIS

model;  and  α,  β,  Topt,  VPD0,  and  LUEmax for  the  LRC-ECLUE  model.  The  remaining

parameters, such as Tmin and VPDmin for the MODIS GPP model and Tmin and Tmax for the EC-

LUE model, were used as default values shown in Table 2. This is because the covariance

among  parameters  in  relation  to  GPP  becomes  large  if  all  parameters  are  optimized

simultaneously without any constraints (Yang et al.,  2007). Differential evolution, a global

optimization  method,  was applied  to  the calibration.  The observation  data  for  the  entire

period at each site were randomly split, with 70% as calibration data and 30% as verification

data.

The  verification  accuracies  of  the  four  LUE models  were  compared using  the linear

regression analysis, coefficient of determination (R2), root mean square error (RMSE), mean

absolute  error  (MAE),  and  normalized  MAE  (NMAE)  between  GPP  observations  and

estimates as the evaluation indices. The LUE models tend to have larger estimation errors

on extremely hot days or cloudy days (Zhang et al.,  2020; Khan et al.,  2022).  We thus

examined  the  error  tendencies  of  each  LUE  model  in  estimating  the  diurnal  GPP  on

extremely hot and cloudy days. The extremely hot days were defined as the five days with

the highest  daily maximum Ta during the analysis period. For cloudy days, cases with a

clearness index (CI) < 0.3 were extracted. The CI is expressed as follows (Gu et al., 1999;

Boland et al., 2008; Yang et al., 2019).



CI=
SRd

SRe

(9)

where  SRe is  the  extraterrestrial  solar  radiation  (Jm−2s−1).  The  calculation  of  SRe was

followed by Allen et al. (2006).

2.3.2. GPP estimation using AHI data

GPP estimation using AHI SRd data as input was performed using the LUE model, which

had the best generalization performance in the verification using flux tower observation data.

Other inputs for FPAR, Ta and VPD were the MODIS FPAR data and MSM Ta and VPD data,

which are available for the regional estimation. The LRC-ECLUE model was applied as the

best model, as described in detail below in section 3.2. The LUE model parameters were

values calibrated with flux tower observation data. In addition to the estimation accuracy of

GPP under all-sky conditions, the accuracies under clear- and cloudy-sky conditions were

also investigated, taking into account the error characteristics of the input data varying with

cloud cover. The clear- and cloudy- conditions were distinguished based on the cloud masks

included in the AHI LST data.

Furthermore, GPP estimation by using LST instead of Ta in Ts estimation was attempted,

and the applicability of the AHI LST was investigated. The LST reflects the heat and water

budgets of the vegetation surface and near-surface meteorological conditions (Farella et al.,

2022). Moreover, the AHI LST has a higher spatiotemporal resolution (~ 2 km and 10 min)

than numerical  model Ta and VPD (several ~ 100 km grid and several hourly intervals).

Therefore,  the  AHI  LST  have  a  potential  to  detect  diurnal  environmental  stress  more

precisely in wide-area estimations. The LUE model using LST was calibrated with Tmax set to

50 °C because LST could be ~10 °C higher than the Ta during the day. The calibration was

also performed using in-situ data.

3. Results

3.1. Calibration

The MODIS GPP and EC-LUE models with default parameters showed underestimation

in most cases (gray dots in Figure 1a–g). Furthermore, the difference between the estimated

and tower GPPs tended to increase as the tower GPP increased. These underestimation

tendencies were weakest at the CRK site and strongest at the GDK site. At the GDK site,

most estimates were < 0.4 gC·m2·30-min-1 for both models, although the tower GPPs could

be > 0.8 gC·m-2·30-min-1 (Figure 1b and 2f). The MODIS GPP model showed smaller linear



regression slopes indicating a greater underestimation tendency than the EC-LUE model.

GCK and TKY sites are assigned to the same biome type and have the same default values

for model parameters (Table 2). However, the EC-LUE model overestimated at TKY sites

and underestimated at GCK sites (Figure 1e and 2h).

Calibration improved underestimation in almost all cases, and improved overestimation

only for the EC-LUE model at TKY site (Figure 1). The MODIS GPP model showed large

changes  in  all  three  parameters  from their  default  values,  whereas  the  EC-LUE model

showed changes mainly in Topt and VPD0, the parameters related to stress (Tables 3 and 4).

Model  parameter  differences  among  sites  after  the  calibration  mostly  retained  their

relationships from the default values. For example, the CRK site in the cropland class had

higher default values for Tmax, VPDmax, and VPD0 than other sites, and the characteristics

were still shown after the calibration. The default values of the parameters for the GCK and

GDK sites  were  close,  and  the  calibrated  parameters  for  both  sites  also  did  not  show

substantial differences. However, the calibration results for the GCK and TKY sites differed

substantially from each other, even though they were in the same land cover class.  The

LRC-MODIS and LRC-ECLUE models had higher LUEmax and lower stresses (e.g., higher

VPDmax and VPD0) than the original models since the APAR was controlled by the LRC.



Figure 1. Scatter plots for verification results of (a–d) MODIS GPP model, (e–h) EC-LUE

model,  (i–l)  LRC-MODIS, and (m–p) LRC-ECLUE model.  Gray dots show the estimated

GPP using default values of the LUE model parameters and black dots show the estimated

GPP using calibrated petameters.

Table 3. Calibrated LUE model parameters using flux tower observation data.

LUE model Parameter GCK GDK CRK TKY

MODIS

Tmax (℃) 13.8 14.2 39.9 17.9 

VPDmax (hPa) 39.9 38.3 39.8 27.3 

LUEmax (gC·MJ-1) 1.51 1.72 2.40 1.03 



EC-LUE

Topt (℃) 12.3 11.8 20.7 23.3 

VPD0 (hPa) 8.0 8.7 20.9 9.7 

LUEmax (gC·MJ-1) 2.92 3.17 2.21 1.48 

LRC-MODIS

Tmax (℃) 13.24 10.22 38.52 17.29 

VPDmax (hPa) 50.0 52.8 48.5 52.5 

LUEmax (gC·MJ-1) 6.62 6.09 9.85 3.99 

α 0.54 0.58 0.50 1.02 

β 86.7 82.3 88.2 85.3 

LRC-ECLUE
Topt (℃) 19.0 17.1 39.7 24.2 

VPD0 (hPa) 28.1 34.5 25.6 39.4 

LUEmax (gC·MJ-1) 8.03 7.10 8.58 6.06 

α 0.51 0.58 0.61 0.73 

β 89.2 85.1 98.6 63.9 

3.2. Verification results and tendencies in diurnal GPP estimation

The LRC-MODIS and LRC-ECLUE models showed higher R2 and lower RMSE, MAE,

and NMAE than the original models (Figure 1). The R2 increased from 0.66–0.77 to 0.72–

0.82,  RMSE  decreased  from  0.12–0.14  to  0.08–0.11  (gC·m-2·30-min-1),  and  NMAE

decreased from 0.31–0.38 to 0.21–0.30. The MODIS GPP and EC-LUE models showed

similar  evaluation scores,  as did the relationship between LRC-MODIS and LRC-ECLUE

models. The scatter plots for the original LUE models showed a nonlinear relationship, with

underestimation at  low GPP and overestimation at  high GPP (Figure 1 a–h).  The LRC-

MODIS and LRC-ECLUE models showed roughly linear distribution patterns in the scatter

plots (Figure 2 i–p),  although the linear regression slopes (0.74–0.82) were smaller  than

those of the original models (0.79–0.88).

For  the  extremely  hot  days,  the  original  models  showed tendencies  to  overestimate

around noon and underestimate at  evening (Figure 2). The MODIS GPP model  showed

these trends more intensely than the EC-LUE model, especially overestimation around noon

at the CRK and TKY sites and underestimation around evening at the GCK, GDK, and TKY

sites. These  tendencies  of  the  original  models  are  also  consistent  with  the  nonlinear

distribution  patterns  (i.e.,  overestimation at  high  GPP and underestimation  at  low GPP)

shown  in  Figure  1a–h. On  the  other  hand,  the  LRC-MODIS  and  LRC-ECLUE  models

improved  these  tendencies.  Moreover,  both  the  LRC-MODIS  and  LRC-ECLUE  models

showed earlier timing of the diurnal GPP peak than the original models at all sites, and the

timing were closer to those of the observational peak at the GCK, GDK, and TKY sites.



Figure 2. Mean diurnal changes in GPP for the five days with the highest daily maximum Ta

for the entire period at each site. The solid black and gray shaded regions show the mean

value and ±1 standard deviation of the tower observations, respectively. The blue dashed,

red dashed, blue solid, and red solid lines show the mean estimates of the MODIS GPP, EC-

LUE, LRC-MODIS, and LRC-ECLUE models, respectively.

For the cloudy days, the original models tended to underestimate throughout the day,

with the difference from the tower GPPs increasing especially around the noon (Figure 3).

This  is  consistent  with  the  underestimation  at  low  GPP  shown  in  Figure  1.  The

underestimations were especially noted at the CRK and TKY sites, with estimated GPPs

being smaller than the tower GPPs by > 0.1 gC·m-2·30-min-1 around noon (Figure 3). The

LRC-MODIS and LRC-ECLUE models improved these underestimations. The improvements

in estimation accuracy were noticeable compared to those on extremely hot days. The timing

of the diurnal GPP peak did not differ between the LRC- and the original models, unlike in

the cases of the extremely hot days.



Figure 3. Mean diurnal changes in GPP for cloudy days with the clearness index < 0.3 at

each site. The solid black and gray shaded regions show the mean value and ±1 standard

deviation of the tower observations, respectively. The blue dashed, red dashed, blue solid,

and red solid lines show the mean estimates of the MODIS GPP, EC-LUE, LRC-MODIS, and

LRC-ECLUE models, respectively.

3.3. GPP estimation using AHI data

The LRC-ECLUE model using AHI and MSM data as input showed accuracy comparable

to the verification results under both clear- and cloudy-sky conditions (Figures 1, 5e, and 6d).

The estimation accuracy under clear-sky conditions was 0.12 for RMSE, 0.09 for MAE, and

0.29 for NMAE (Figure 5e), whereas verification results showed 0.08–0.11 for RMSE, 0.05–

0.07 for MAE, and 0.21–0.30 for NMAE (Figure 1i–l). The linear regression slope and R2

under clear sky conditions (0.68 and 0.68, respectively), however, were smaller than those

of the verification results (0.74–0.82 and 0.72–0.82, respectively). On the other hand, the

cloudy conditions showed better linear regression slope, R2, RMSE, and MAE (0.73, 0.72,

0.10, and 0.07, respectively) than those under the clear-sky conditions (Figures 5e and 6d).



However, the NMAE was higher under cloudy conditions because GPP was generally lower

than under clear-sky conditions. AHI and MSM data were overestimated and underestimated

relative  to  in-situ  data,  which  affected  GPP estimation.  The  AHI  PAR,  the  main  factor

determining the magnitude of GPP estimates, showed a positive bias of 18.4 W·m-2 and 13.3

W·m-2 for clear-sky and cloudy conditions, respectively (Figures 5a and 6a). This positive

bias caused overestimation in many cases of GPP estimation, as shown in Figures 5e and

6d. Cases with extremely high PAR were suppressed by the LRC (Eq. 8), which conversely

caused underestimation in GPP estimation. For inputs regarding environmental stress, MSM

VPD showed a positive bias in both clear-sky and cloudy conditions (Figures 5b and 6b),

whereas MSM Ta showed a negative bias in the high temperature range (> 20 ℃) in clear-

sky  conditions  and  a  positive  bias  in  the  low  temperature  range  (<  20  ℃)  in  cloudy

conditions (Figures 5c and 6c). These MSM VPD and Ta biases caused underestimation of

Ws and overestimation of Ts, respectively, from Eqs. 6 and 7. GPP estimated using AHI LST

(LST-based GPP) showed almost identical RMSE, MAE, and NMAE as the GPP estimated

using Ta (Ta-based GPP) (Figure 5f).  The calibrated parameters of LST-based GPP also

showed similar magnitudes to those of the Ta-based GPP (Tables 3 and 4). The AHI LSTs

showed  a  positive  bias  at  high  temperatures,  causing  underestimates  of  Ts and  GPP.

Consistent with this, the regression slope in comparison to in-situ GPP (0.68) was smaller

than  that  of  Ta-based  GPP (0.74)  (Figure  5f).  LST-based  GPP tended  to  overestimate

environmental stress under extreme high temperature conditions (Figure 6). In the mixed

forest during the heat wave shown in Figure 7, LST exceeded 40 °C while Ta reached 35 °C

during daytime. In addition, the peak in the diurnal changes of LST was about 2–3 hours

earlier than that of Ta. The LST-based GPP showed a sudden depression during daytime

corresponding  to  the  extreme  high  LST  and  its  timing.  During  the  periods  when  the

difference  between LST  and  Ta was  small,  the  GPP estimates  of  the  two  were  almost

identical.



Figure  4.  MSM  or  AHI  estimates  versus  observations  at  all  four  sites  under  clear-sky

conditions: (a) PAR, (b) VPD, (c) Ta, (d) LST, (e) GPP with Ts estimation using MSM Ta, and

(f)  GPP with Ts estimation using AHI  LST. The LRC-ECLUE model  were used,  and the



model parameters were the calibrated values shown in Table 3. Bias shown in (a)–(d) is the

mean error. The color bars are probability densities by kernel density estimation.

Figure  5.  MSM  or  AHI  estimates  versus  observations  at  all  four  sites  under  cloudy

conditions: (a) PAR, (b) VPD, (c) Ta, (d) GPP. The LRC-ECLUE model were used, and the

model parameters were the calibrated values shown in Table 3. Bias shown in (a)–(c) is the

mean error. The color bars are probability densities by kernel density estimation.

Table 4. Calibrated LRC-ECLUE model parameters when using LST instead of Ta in Ts 

estimation. The calibration was performed by flux tower observation data.

LUE model Parameter GCK GDK CRK TKY

LRC-ECLUE Topt (℃) 13.7 13.6 36.9 28.9 

VPD0 (hPa) 23.4 26.1 36.4 39.2 

LUEmax (gC·MJ-1) 8.95 8.11 8.06 4.43 

α 0.44 0.51 0.51 1.15 



β 91.2 82.9 95.2 85.3 

Figure 6. Temporal changes in estimated GPP for a mixed forest pixel located at 37.36 °N–

37.38 °N, 128.42 °E–128.44 °E in South Korea during an extreme heatwave (from August 1

to August 3 in 2018). Blue and red solid lines show estimated GPP using MSM Ta and GPP

using  AHI  LST,  respectively.  Blue  and  red  dashed  lines  show MSM Ta and  AHI  LST,

respectively.

4. Discussion

4.1. Challenges in estimating diurnal GPP using original LUE models

Both MODIS GPP and EC-LUE models calibrated for diurnal GPP estimation showed R2

comparable to those for estimation larger than daily scale (Yuan et al., 2014; Jiang et al.,

2021; Wang et al.,  2021). The differences in calibrated parameters between biome types

(Table 3) were larger compared to those of the default values (Running et al., 2000; Mu et

al., 2007; Yuan et al., 2014; Yuan et al., 2019). For the MODIS GPP model, both Tmin and

Tmax in Eq. 3 were originally defined as the daily minimum Ta (Running et al., 2000), but it

was  found  that  they  can  also  be  used  as  the  maximum  and  minimum  Ta at  which

photosynthesis is stopped in the diurnal cycle (Khan et al., 2022). The model parameters

between the GCK and TKY sites differed substantially, even though both sites were covered

by the mixed forests,  could be due to the difference in canopy structures (e.g.,  density,

height, tree species and soil types), climate, and elevation (Table 1). Calibration using more

sites’ data would be needed to obtain parameters representative of each biome type.



The  original  LUE models  were  found  to  have  three  major  problems  in  diurnal  GPP

estimation: overestimation around noon and underestimation at evening during extremely

hot days, and underestimation under cloudy conditions (Figures 2 and 3). The tendencies of

overestimation at high GPP and underestimation at low GPP in the original LUE models

shown in Figure 1a–h have been reported in previous studies,  both at  the diurnal  scale

(Khan et al., 2022) and daily scale (He et al., 2013; Wang et al., 2021). The underestimation

under cloudy conditions would be due to not considering the difference in LUE between

direct and diffuse PAR. The LUE of vegetation canopy is enhanced for diffuse PAR than for

direct PAR (Alton et al.,  2007; Mercado et al.,  2009; Zhang et al.,  2020). Therefore, the

original  LUE  models  were  optimized  for  LUE  under  clear  sky  conditions,  causing

underestimation under cloudy conditions. This study clarified the time of day and observation

conditions at which the bias of the original LUE models occur.

4.2. Features of the refined LUE models

By controlling APAR with LRC, it was shown that all the major problems of the original

LUE models can be minimized. APARLRC suppresses extremely high APAR and enhances

low APAR (Eq. 8). This reduces the overestimation of GPP during extremely hot days and

the underestimation of GPP at twilight and under cloudy conditions (Figures 2 and 3). The

effect of suppressing extremely high APAR also contributes to the increase in LUEmax and f

(Eq.  1). This  might  have  suppressed  the  overestimation  of  environmental  stress  (i.e.,

underestimation  of  f)  at  high  Ta and  VPD  in  the  afternoon.  Another  finding  is  that  on

extremely hot days, the peaks in the diurnal GPP estimated by LRC models were earlier

than those by original models (Figure 3). It might be due to the earlier peak in the diurnal

APARLRC than the diurnal APAR. This feature of the LRC models would also be useful for the

shift of the peak to the morning on an extremely hot day in semi-arid regions (Khan et al.,

2022).

The improvements in the LUE model by LRC were also favorable in terms of the diurnal

variation  of  FPAR and the impact  of  diffuse radiation  on LUE.  The FPAR of  the  entire

vegetation canopy is expected to vary depending on the incident angle of solar radiation

(Thomas et al., 2006; Fan et al., 2014). In other words, the FPAR is higher at twilight when

the incident angle to the canopy is higher (Li et al.,  2015; Liu et al.,  2017), because the

transmission distance into the canopy is longer. Besides, LUE is enhanced under cloudy

conditions and at twilight with longer optical path lengths because the diffuse fraction of PAR

is higher (Alton et al., 2007; Mercado et al., 2009; Zhang et al., 2020). These FPAR and LUE

variations,  which  were  ignored  in  the  original  LUE  models,  might  have  resulted  in  the

underestimation at twilight and cloudy conditions (Figures 2 and 3).  Thus, considering the

diurnal variation of FPAR and the direct and diffuse components of LUE (Yang et al., 2019;



Li et al., 2021b) could improve the original LUE models. However, there is a concern that

considering all these factors would complicate the LUE models, which have the advantage of

simplicity. Adding LRC term can improve estimation accuracy maintaining the simplicity of

the LUE model.

4.3. Uncertainty in regional estimation

The effect of input data uncertainty on regional GPP estimation is greater under cloudy

conditions than under clear-sky conditions, as shown by the difference in NMAEs in Figures

4 and 5. An AHI pixel with cloud contamination increases the uncertainty in the direct and

diffuse SRd estimation  (Damiani  et  al.,  2018).  This  uncertainty  would  be the main  error

source of GPP estimation under cloudy conditions. Besides, numerical model data covering

greater than the regional scale generally have coarser spatiotemporal resolution than AHI

observations, and also have difficulty simulating clouds smaller than a few km scale (Saito et

al., 2006). Considering sudden changes in Ta/VPD due to short-term rainfall smaller than the

mesoscale is important for diurnal GPP estimation, but difficult  even using the numerical

model data.

When expanding GPP estimation using the LUE model  to AHI full  disk,  it  is  currently

adequate to use of global model data with > 20 km grids and several hourly intervals, such

as ECMWF Re‐Analysis (ERA5), the Japanese 55-year Reanalysis (JRA-55), and Modern

Era  Retrospective-Analysis  for  Research  and  Applications  Version  2  (MERRA-2),  not

regional/mesoscale model data. However, phenomena showing signals with sub-daily scales

are  often  affected  by  environmental  factors  with  smaller  spatial  scales  (e.g.,  midday

depression  of  photosynthesis  in  agricultural  crops:  Paul-Limoges  et  al.,  2018).  Practical

monitoring of environmental stresses in diurnal photosynthesis across the AHI full disk will

require spatial downscaling of current numerical model data (Park et al., 2021; Yoo et al.,

2022) or alternatively use of satellite products, such as LST. The recently proposed NIRvP-

based estimation does not have a capability to incorporate the effects of diurnal stress into

GPP estimation (Khan et  al.,  2022;  Jeong et  al.,  2023).  Therefore,  input  data with high

spatiotemporal resolution provide more benefit to the LUE model.

4.4. Applicability of AHI LST

One approach to detect environmental stress at high spatiotemporal resolution is the use

of AHI LST. This study demonstrated that AHI LST can be used as a proxy in the LUE model

(Figure  5).  AHI  LST data  have  a  much higher  spatiotemporal  resolution  than numerical

model Ta data, thus reflecting the local heating/cooling near the vegetation. Also, LST is a

different physical quantity to Ta. The AHI LST is the skin temperature over the top of the



vegetation canopy, whereas the model Ta is the temperature at an uncertain height above

the  ground.  In  densely  vegetated  areas,  the  LST is  closer  to  the  thermal  environment

experienced  by  the  foliage  surface  compared  to  the  Ta (Farella  et  al.,  2022),  thereby

expected  to  detect  environmental  stress  more  accurately.  Since  this  study  focused  on

densely vegetated areas, further investigation regarding the application of LSTs in croplands

and semi-arid areas is necessary. Croplands and semi-arid areas are a mixture of bare soil

and vegetation. Thus, AHI LST can reach > 60 °C by reflecting bare soil surface on summer

clear-sky days, resulting in temperatures quite different from those of vegetated surfaces.

When applying LST in agricultural or semi-arid areas, it may be necessary to separate the

heat source between vegetation and soil (Kustas et al., 2004) or to do some scaling. LST-

based GPP has the disadvantage that it cannot be applied under cloudy conditions due to

the limitation on the LST retrieval (Figure 7). To solve this, an all-sky LST (Jia et al., 2022)

will be needed in the future. Alternatively, it might be possible to replace LST only for clear

sky  conditions,  because  LST-based  GPP and  Ta-based  GPP have  almost  the  identical

values except around noon (Figures 4 and 6). Indeed, the estimation of environmental stress

is more demanded under clear-sky conditions, which brings hot and dry conditions, rather

than under cloudy conditions.

5. Conclusion

The study aims to clarify the applicability of LUE models to the diurnal scale. Using 30-

min eddy-covariance observations from four vegetation sites in East Asia, the MODIS and

EC-LUE models,  and their  refined  LUE models  (LRC-MODIS and LRC-ECLUE models)

were calibrated and verified. The results showed that the refined LUE models had higher

accuracy than original LUE models. The original LUE models exhibited error characteristics

of overestimation around noon and underestimation in the evening on extremely hot days,

and underestimation under cloudy conditions. These error characteristics can be partially

explained by ignoring the photochemical efficiency of photosynthesis at low irradiance and

light saturation at high irradiance. Other possible improvements include considering effects

of diurnal variations in FPAR and the direct/diffuse components of LUE. Our refined LUE

models  can  minimize  the  major  errors  while  maintaining  simplicity  without  incorporating

those effects in a precise manner. This study also attempted to apply LRC-ECLUE model

using AHI SRd and MSM Ta and VPD as the primary driving sources. The overall accuracy

was  comparable  to  the  verification  results  using  site  observation  data,  however,  the

estimation uncertainty  of  SRd under cloudy or cloud mixed scenes was found to be the

largest error source. Spatiotemporal resolution of global climate model data is an issue for

estimating regional and diurnal environmental stress, thus we attempted to utilize AHI LST

as one potential solution. The results showed that LST-based GPP can reflect the extreme



high temperatures near the leaf surface as environmental stress in densely vegetated areas,

without degrading the overall estimation accuracy.
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