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Abstract: Light and water use by vegetation at the ecosystem level, are key components
for understanding the carbon and water cycles particularly in regions with high climate
variability and dry climates such as Africa. The objective of this study is to examine recent
trends over the last 30 years in Light Use Efficiency (LUE) and inherent Water Use
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Efficiency (iWUE¥) for the major biomes of Africa, including their sensitivities to climate
and CO,. LUE and iWUE* trends are analyzed using a combination of NOAA-AVHRR
NDVI3g and fAPAR3g, and a data-driven model of monthly evapotranspiration and Gross
Primary Productivity (based on flux tower measurements and remote sensing fAPAR, yet
with no flux tower data in Africa) and the ORCHIDEE (ORganizing Carbon and
Hydrology In Dynamic EcosystEms) process-based land surface model driven by variable
CO; and two different gridded climate fields. The iWUE* data product increases by
10%—-20% per decade during the 1982-2010 period over the northern savannas (due to
positive trend of vegetation productivity) and the central African forest (due to positive
trend of vapor pressure deficit). In contrast to the iWUE*, the LUE trends are not
statistically significant. The process-based model simulations only show a positive linear
trend in iWUE* and LUE over the central African forest. Additionally, factorial model
simulations were conducted to attribute trends in iWUE and LUE to climate change and
rising CO; concentrations. We found that the increase of atmospheric CO; by 52.8 ppm
during the period of study explains 30%—-50% of the increase in iIWUE* and >90% of the
LUE trend over the central African forest. The modeled iWUE* trend exhibits a high
sensitivity to the climate forcing and environmental conditions, whereas the LUE trend has
a smaller sensitivity to the selected climate forcing.

Keywords: inherent water use efficiency; light use efficiency; Africa; trend analysis;
atmospheric CO, effect and climate effects on vegetation

1. Introduction

Terrestrial gross primary productivity (GPP) and evapotranspiration (ET), two critical components
of the terrestrial carbon and water cycles, are driven by solar radiation and limited by soil moisture
(and nutrient) availability [1-7]. In Africa where 50% of the land areas are covered by arid and
semi-arid ecosystems [8], the limiting factors of GPP and ET include precipitation, which controls soil
moisture available for plants, and nutrient availability [9—13]. Here, we investigate two widely used
vegetation resource use variables, which offer valuable insight into the representation of carbon and
water coupling in ecosystem process models: Light Use Efficiency (LUE) and inherent Water Use
Efficiency at the ecosystem level 1IWUE®*). LUE is defined as the ability of the vegetation to use GPP
per unit of Absorbed Photosynthetically Active Radiation (APAR) that is limited by temperature and
water shortage [14,15]. This definition integrates limiting environmental factors through the fraction of
absorbed photosynthetically active radiation (fAPAR) and provides LUE value below its theoretical
potential value used in several studies [1,16,17].

iIWUE* is defined as the product of GPP and vapor pressure deficit (VPD) per ET unit [18].
Because of the strong relationship between VPD and stomatal conductance [19,20], iWUE* appears to
be more relevant than the water use efficiency to describe the biochemical functions of plants at
ecosystem level [18]. The dependence of iWUE* on environmental conditions indicates possible
adaptive adjustment of ecosystem physiology in response to a changing environment.
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African ecosystems, especially the northern savannah, experienced a highly variable climate
during the last decades, which directly affects pan-tropical climate and ecosystem water and carbon
fluxes [21-26]. Previous studies reported that high climate variability in terms of solar incidence
(through cloudiness), rainfall, temperature and VPD impacts LUE and iWUE* [27-29]. Atmospheric
CO; and land use change also alter ecosystem physiology and structure, and consequently LUE and
iIWUE* trends [30-34].

Because of the scarcity and heterogeneity spatial distribution of existing in situ measurements in
Africa [35,36], remote sensing products are valuable to constrain phenology and carbon fluxes over
Africa, and were used in several previous studies [37-39]. Two satellite-based long-term records are
used in this study to assess and analyze iWUE* and LUE simulated by different versions of the
ORCHIDEE (ORganizing Carbon and Hydrology In Dynamic EcosystEms) land surface model. The
1982-2010 fAPAR3g third generation satellite dataset is used to generate the LUE data product [40].
19822010 GPP and ET data products were generated from an empirical model calibrated from in situ
measurements at FLUXNET sites and are used in LUE and iWUE* calculation [41]. The VPD and
PAR (photosynthetic active radiation), needed for the calculation of iWUE* and LUE respectively, are
computed using the WATCH-Forcing-Data-ERA-Interim (WFDEI) climate reanalysis.

The main goal of this present study is to assess the LUE and iWUE* trends during 1982-2010 using
the remote sensing product and to evaluate the ability of ORCHIDEE to better reproduce these trends
of vegetation resource use. Furthermore, we separate the CO, and climate effects on LUE and iWUE*
trends by using factorial simulations: (1) a simulation with a constant CO; and (2) a simulation with an
alternative climate forcing.

2. Materials and Methods
2.1. Model Description

The ORCHIDEE land surface model deals with carbon, water and energy exchanges between the
atmosphere and biosphere [42]. The vegetation is defined as a mosaic of 12 plant functional types
(PFTs) based on morphology (tree or grass), leaf type (needle-leaf or broad-leaf), phenology
(evergreen, summer-green or rain-green), photosynthetic pathway for crops and grasses (C3 and C4)
and climatic regions (boreal, temperate and tropical). African vegetation includes 7 PFTs: C3 and C4
grass, C3 and C4 agriculture, evergreen and rain-green tropical broadleaved and temperate
broadleaved evergreen trees. The GPP function that describes carbon assimilation, is based on the leaf
scale equations for C3 and C4 PFTs from Farquhar and Collatz respectively [43,44]. The scaling of
GPP per layer within the canopy assumes an exponential attenuation of light following a big-leaf
approximation. The foliage density (LAI) and plant water stress are prognostic and can impact GPP,
carbon allocation, leaf age and senescence [42]. The variable fAPAR can be diagnosed from LAI
output using the Ruimy formulation [45]: fAPAR = 0.95 X (1 — exp(—0.5 X LAI)).

The energy exchanges (transport of radiation and heat) and water balance between the
vegetation-soil-atmosphere are described in [46,47]. Total ET is the sum of five components including
evaporation of water intercepted by the canopy, transpiration by the vegetation and bare soil
evaporation. The two other components of total ET in ORCHIDEE are snow sublimation (negligible in
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Africa) and evaporation from floodplains (river routing and floodplain hydrology scheme is not
activated in this study). To simplify the transpiration parameterization, as well as for photosynthesis
and light competition, ORCHIDEE does not account for fluxes from, and competition with, understory
vegetation [42]. Bare soil evaporation is controlled by soil moisture and, thus, depends on the soil
hydrology parameterization of ORCHIDEE. Transpiration is governed by the ability of the roots to
extract water from the soil, assuming a PFT-dependent exponential root profile [47]. Simulated water
stress from soil moisture availability influences photosynthesis and stomatal conductance through a
scaling factor that is associated with relative soil moisture when the root zone relative soil moisture,
i.e., volumetric soil moisture normalized by the difference between field capacity and wilting point,
falls below a threshold value [48].

The default ORCHIDEE hydrological scheme (hereafter, the two-layer version) is based on a
simple two-layer bucket-type model [46]. The soil upper layer varies according to the water
availability, and the deep soil layer is filled from top to bottom with precipitation. When ET is larger
than precipitation, water is removed from the upper layer until it dries out, leaving only the deep soil
layer. To analyze the role of a more realistic soil hydrology scheme on LUE and iWUE* trends
(i.e., fAPAR, GPP and ET), we also use a second version of ORCHIDEE model with a soil diffusion
model of 11 layers [49-51]. The 11-layer soil scheme represents a vertical soil flow based on physical
processes from the Fokker-Planck equation that resolves water diffusion in non-saturated conditions
from the Richards equation [52]. The soil physics in the 11-layer version is based on the CWRR
(Center for Water Resources Research) model [53,54]. The vertical discretization is not uniform: the
grid being finer near the surface (the 3 topmost layers being 1 centimeter apart) where the soil moisture
mostly varies, in order to represent the rapid exchanges of soil moisture near the surface [49]. Note
that, in this study, the soil depth is uniformly fixed at 2 m for both ORCHIDEE versions.

2.2. Climate Forcing

Daily meteorological fields used to drive ORCHIDEE are from the recent WFDEI reanalysis
(1979-2010 period) that consists of bias corrected ERA-Interim fields with a bias correction for
precipitation using GPCCv5 rain gauge measurements [55-57]. WFDEI is computed at 0.5° spatial
resolution and is also used in the calculation of the incident photosynthetically active radiation (PAR)
and VPD. The LUE and iWUE* sensitivity to climate forcing is estimated by driving ORCHIDEE
with another climate forcing called WFD. WFD is the 20th century WATCH Forcing Data based on
ERA40 (1958-2001), and extended back to 1901 [58]. The WFD precipitation is bias corrected using
the GPCCv4 rain gauge measurements instead of GPCCv5 for WFDEI. Since WFD stops in 2001, we
extend this forcing by using ERA-Interim data during 2001-2010.

2.3. Simulations

Between 200 and 300 years of spin-up are required to reach equilibrium in the biomass carbon pools
over African ecosystems before running ORCHIDEE simulations [59]. The spin-up run repeatedly uses
climate forcing data of the 1979-1988 period at 0.5° spatial resolution with atmospheric CO,
concentration fixed at the value of year 1979 (336.5 ppm). Four factorial simulations (Table 1) are
conducted, starting from spin-up derived equilibrium state. Simulation S1 uses the 11-layer soil



Remote Sens. 2014, 6 8927

diffusion scheme, WFDEI climate and transient atmospheric CO,. S2 simulation uses the simpler
2-layer ORCHIDEE version and is otherwise identical to S1. The effect of increasing atmospheric CO,
on LUE and iWUE* trends is analyzed with the S2-FIXCO2 simulation, identical to S2 except for a
fixed atmospheric CO, value (336.5 ppm as of 1979). The sensitivity of LUE and iWUE* to input
climate forcing data is investigated by comparing S2-WFD driven by WFD with S2.

Table 1. Overview of the ORganizing Carbon and Hydrology In Dynamic EcosystEms
(ORCHIDEE) simulations analyzed in this study.

Experiment Model Version Transient CO, Climate Forcing

S1 11-layer Yes WFDEI

S2 2-layer Yes WFDEI

S2-FIXCO2 2-layer 336.5 ppm WFDEI
S2-WFD 2-layer Yes WFD

2.4. Datasets for Model Evaluation

To generate LUE and iWUE* data products, we used the GIMMS fAPAR3g and the model tree
ensemble (MTE) products (MTE-GPP and MTE-ET) [40,41].

2.4.1. fAPAR3g

The Global Inventory Modeling and Mapping Studies third generation GIMMS fAPAR3g product
is used to calculate the Absorbed Photosynthetically Active Radiation (APAR). The fAPAR3g GIMMS
satellite data is based on Normalized Difference Vegetation Index data (GIMMS NDVI3g [40]),
derived from the Advanced Very High Resolution Radiometers (AVHRR) aboard a series of US
National Oceanic and Atmospheric Administration (NOAA) satellites. The spatial-temporal resolution
of the dataset is 8 km and has a 15-day time step. The original 8-km fAPAR3g data are re-aggregated
to the ORCHIDEE resolution of 0.5° using bilinear interpolation.

2.4.2. MTE Product

The 0.5° gridded GPP and ET from MTE data-driven model are used to calculate LUE and
iWUE* [41]. The data-driven model integrates site-level flux tower measurements of GPP and ET
fluxes to global scale using the statistical approach of MTE. The MTE approach is based on a
combination of TRee Induction ALgorithm (TRIAL) and Evolving tRees with RandOm gRowth
(ERROR) technique [37]. The trained MTE at site level is used to generate global GPP (MTE-GPP)
and ET fluxes (MTE-ET) [41]. The estimation of MTE-GPP and MTE-ET from extrapolation of local
FLUXNET measurements is based on 29 explanatory variables, including precipitation and temperature
(both measured in situ) and remote sensing indices of monthly fAPAR from GIMMS during the
1982—-1997 period, SeaWiFs sensor during 1998-2005, and MERIS since 2006 [41]. Because the MTE
data-driven model integrates several measurements, it is taken as a reference to evaluate the
ORCHIDEE results. Note that the fAPAR3g (15-day resolution) and MTE products (monthly
resolution) are available from 1982 to 2010.
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2.5. LUE and iWUE* Calculation
2.5.1. LUE

The calculation of LUE is based on the widely used formulation [14,60]:
GPP

LUE = £ PAR x PAR (M

where GPP (gC-m™2mth™!) is the gross primary productivity, PAR (M]-m~2) is the incident
photosynthetically active radiation and varies between 0.45 and 0.5 of the solar radiation [61,62],
fAPAR is the fraction of PAR absorbed by the vegetation canopy. The LUE is expressed in
gC - MJ~1 - APAR and computed at a monthly time scale.

2.5.2.iWUE*

At ecosystem level, monthly iWUE* is calculated following the formulation [18]:
GPP x VPD

iWUE *= T (2)

where VPD (hPa) is an approximation of the monthly average of vapor pressure deficit and ET

(mm - mth™1) is the monthly evapotranspiration. The iWUE* is expressed in gC - hPa- mm™! - m™2.
Note that, as for data products, the ORCHIDEE modeled iWUE* and LUE are obtained from the

GPP, fAPAR and ET outputs variables at monthly time scale. The VPD and PAR are directly

calculated from the climate inputs.
2.6. Trend Analysis

Trends are calculated by fitting linear functions for time series of annual LUE and iWUE* for each
pixel using ordinary least-squares regression (OLS). Trends are computed with 95% confidence
interval (here after 95% CI) using the Student’s t-test. The t-test compares a calculated t with a critical
tc value for a stipulated significance level and N-2 degrees of freedom (N = 29; representing here the
annual time series length: 1982-2010). No significant trends (|t| < tc) at 95% CI) are labeled in maps
with grey and slate grey colors for negative and positive trends respectively. Trends for fAPAR, GPP
and ET during 1982-2010 are also calculated from annual values following the same method as for
LUE and iWUE*. All trends are weighted by their average over the whole period in order to compute
the result in “%” of each parameter.

3. Results
3.1. Evaluation of ORCHIDEE iWUE* and LUE Average
3.1.1. Average iWUE* during 1982-2010

Figure 1 shows the multi-year averaged iWUE* during 1982-2010. High values of iWUE* from
the MTE product are found over savannahs and rain-green woodland areas (northern savannahs
and the southern edge of African central forests). The average MTE-iWUE* over these regions is
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1 -2

18 gC - hPa- mm™! - m~2. The maximum MTE-iWUE* value reaches up to 30 gC - hPa - mm™
1, =2

-m

in the southern edge of the central African forest and more than 35 gC-hPa- mm™ - m™ in some

grid cells over the northern savannahs. In contrast, lower MTE-iWUE* values are found in the central

1

African forest with values of less than 12 gC - hPa- mm™! - m™2 (the vapor pressure deficit is low in

the central African forest).

Figure 1. 1982-2010 iWUE* average (gC-hPa-mm™1-m™2). (A) iWUE* calculated
from MTE-GPP and ET products and WFDEI climate forcing data; (B) iWUE* simulated
with the ORCHIDEE 11-layer version; (C) with ORCHIDEE 2-layer version

(B) S1-iWUE* avg.

The ORCHIDEE 11-layer version significantly underestimates iWUE* over the grasslands and
savannah zones in comparison with the MTE product derived iWUE* (G(WUE* <
20 gC - hPa- mm™1 - m~2 over a large part of Africa). In contrast, the iWUE* from the 11-layer run is
higher than the MTE-iWUE* over the central African forest (15 gC-hPa-mm™ -m™2 vs.
10 gC - hPa-mm™! - m™2). Unlike the 11-layer version, the 2-layer version overestimates iWUE*
over the whole continent, especially over the grasslands and savannah zones (IWUE* =

1.m™2 ys. 18 gC-hPa-mm™'-m2 for

28 gC-hPa-mm™!-m™2 against 15 gC-hPa-mm~
MTE-iWUE* averaged in grassland areas).

Note that the difficulty of ORCHIDEE to reproduce the high iWUE* of arid and desert transition
zones is probably due to problems in the land cover map used in this study and to the lack of a

shrub-land PFT in the ORCHIDEE model [47,63].
3.1.2. Average LUE during 1982-2010

The spatial pattern of LUE is similar to that of GPP (data not shown). Maximum LUE values are
found in the central African forest where the PAR is lower (because of clouds), whereas low LUE
values are observed in Sahelian and African southern zones where PAR is high. The MTE-LUE
average over grasslands and savannas is less than 0.7 gC- MJ~1 - APAR, with a maximum value of
2.5gC-MJ! - APAR in some grid cells. In the central African forest, average MTE-LUE reaches up to
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1.3 gC-MJ™1-APAR (maximum value 2.6 gC-M]~1-APAR). The ORCHIDEE-simulated LUE
matches the MTE-LUE better in the 11-layer version than the 2-layer version. The later overestimates
LUE across the entire continent (Figure 2C). Taking grasslands as an example, the 11-layer version
estimates LUE around 0.73 gC-M]~! - APAR against 0.9 gC-M]~!-APAR for the 2-layer, and
0.7 gC - MJ~! - APAR for the MTE-LUE.

Figure 2. Same as Figure 1 for 19822010 LUE average ( gC-M]~1-APAR).
(A): MTE-LUE avg; (B) S1-LUE avg; (C) S2-LUE avg.

(A) MTE-LUE avg. (B) S1-LUE avg. (C) S2-LUE avg.

3.2. iWUE* and LUE Trend during 1982-2010
3.2.1. iWUE* Trend during 1982-2010

Figure 3 shows the results obtained with the validation datasets and the two ORCHIDEE
simulations S1 and S2, in terms of temporal trends in annual iIWUE* during 1982-2010. We found in
the observational data a positive MTE-iWUE* trend during 1982-2010 (at 95% CI) over a large part
of the African northern savannah and the African central forest. The iWUE* trend is between 5% and
20% of iWUE* per decade, which corresponds to a high and positive trend of the product GPP*VPD
over the African northern savannahs and central forest (data not shown). In contrast, Kenya, Angola,
and the southern part of Africa are marked with a negative and statistically significant trend of
MTE-iWUE* (=5% to —10% per decade) corresponding to a negative trend of the product GPP*VPD.
Compared to the MTE-iWUE* product, the simulated iWUE* trend at 95% CI is positive only over the
central African forest. The geographical pattern of the 11-layer iWUE* trend at 95% CI is confined
over the Central African forest and ranges from 7% to 20% of iWUE* per decade (Figure 3). The
IWUE* trend from the 2-layer version is similar to that of the 11-layer version, but this version
produces a statistically significant iIWUE* trend covering more grid cells in the central African forest
(Figure 3). The ORCHIDEE model, thus, does not reproduce the MTE-iWUE* trend over the northern
savannahs. The model also does not reproduce the negative iWUE* trend in Kenyan, Angola, and the
southern African areas (Figure 3).
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Figure 3. 1982-2010 trends of iWUE* (% of iWUE*): (A) iWUE* calculated from
MTE-GPP and MTE-ET product with VPD from WFDEI CF; (B) iWUE* trend obtained
with the ORCHIDEE 11-layer version and (C) the 2-layer version. Same color code than
Figure 3.

(A) MTE-iWUE* trend (B) S1-iWUE* trend

=25 —-1% 10 -7% -6 -45 -3 -15 0 15

3.2.2. LUE Trend during 1982-2010

The LUE trend calculated by combining the MTE-GPP product and fAPAR3g is positive across the
entire African continent but its significance is low, except for a few grid cells (Figure 4). The
northwest of Sahel and Botswana show a positive MTE-LUE trend (15%—20% increase per decade) at
95% CI, whereas Cameroon (—2% per decade) and Tanzania (—7%) show negative MTE-LUE trends
at 95% CI. In contrast to the MTE and fAPAR3g based product, the simulated LUE trend is positive
only over the central African forest for both ORCHIDEE versions. The ORCHIDEE LUE trend varies
between 2% and 5% per decade over central African forest. Note that the 2-layer version has a larger
LUE trend at 95% CI of about 10% per decade in some grid cells over the southern of Angola
(Figure 4). Overall, both versions of ORCHIDEE do not reproduce the observation-derived positive
MTE-LUE trend in northwestern Sahel and the negative MTE-LUE trend over Cameroon and Kenyan

zones (Figure 4).
3.2.3. fAPAR3g, MTE-GPP and MTE-ET Trend during 1982-2010

To better understand the iWUE* and LUE trends, we analyzed the trends of fAPAR, GPP and ET
separately. The comparison between the simulations and data-products for fAPAR, GPP and ET trends
is shown in Figure 5. Both GIMMS satellite data and the MTE-GPP show positive trends (at 95% CI)
over the northern savannahs, especially in West Africa for the MTE product. For example, fAPAR3g
shows a robust and positive trend over the northern savannahs by 4% per decade (Figure SA).
However, the fAPAR3g trend calculated from the annual values does not show a significant trend
during 1982-2010 over the Sahelian band, probably due to the compensation of trends between wet
and dry seasons, especially for the last decade (FAPAR3g has a negative trend in dry season during
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2000-2010 over the Sahel). The GPP from the MTE product shows a large positive trend at 95% CI
over the northern savannah, particularly over the West African and Sahelian zone over which
MTE-GPP increases by 25% per decade (Figure 5 B). A positive and strong MTE-ET trend at 95% CI
is found over West Africa (more than 10% per decade over the Senegal) and the southern Sahel (4%
per decade over the Guinea band). Over the African southern savannahs, ET increases significantly by
15% per decade during 1982-2010. Note however the negative trend in both MTE-ET and MTE-GPP
over Tanzania with values of about —5% of decrease per decade.

Figure 4. Same as Figure 4 for 1982-2010 trends of LUE (% of LUE). (A) MTE-LUE
trend; (B) S1-LUE trend; (C) S2-LUE trend.
(A) MTE-LUE trend (B) S1-LUE trend

(C) S2-LUE trend

=25 =15 =10 -7% -6 —-45 -3 =15 0O 15 a 4.5 & 75 10 15 25

Figure 5. 1982-2010 trend of fAPAR (left column), GPP (middle column) and ET (right
column). The first line is (A) GIMMS-fAPAR3g satellite observations, (B) MTE- GPP,
and (C) MTE-ET data-products. The middle line is (D) simulated fAPAR, (E) GPP and (F)
ET with the ORCHIDEE 11-layer simulation driven by variable CO, and WFDEI climate
forcing (see text). The bottom line is (G) simulated fAPAR, (H) GPP and (I) ET with the
2-layers version. Trends are expressed in % of the each variable. The color table represent
negative or positive trends statistically significant at 95% confidence interval (CI). Slate
(dark) grey and grey represent respectively pixels with positive and negative trends with a
CI lower than 95%.

A) fAPAR3g trend (C) MTE-ET trend
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Figure 5. Cont.

(D) SI-fAPAR trend

=25 —1%5 -10-7% -6 —-45 -3 —-15 0 15 3 4= 6 745 1 15 23

Simulation results from both versions of ORCHIDEE (11-layer and 2-layer) show comparable
geographical patterns of fAPAR, GPP and ET trends during 1982-2010. Contrary to the
GIMMS-fAPAR3g trends, the ORCHIDEE model shows no significant temporal trend from annual
fAPAR over a large part of Africa, regardless of the soil hydrology scheme. Areas of simulated
fAPAR trend at 95% CI are patchy and include only few grid cells (Figure 5D,G). In comparison with
MTE-GPP product, ORCHIDEE only simulates positive GPP trend at 95% CI over central African
forest (4% per decade) for both soil hydrology schemes, and does not match the MTE-GPP product.
However, ORCHIDEE simulates strong and positive GPP trend in some grid cells over the African
southern savannahs (20% per decade) consistently with MTE-GPP (Figure SE,H). As for GPP, the
simulated ET trend does not match the geographical pattern of MTE-ET trend over the northern
savannah. In contrast, the model better matches the MTE-ET trends over the African southern
savannahs (Figure 5F,I). ORCHIDEE simulates a negative ET trend during 1982-2010 over the
southern African forests (Zambia and Zimbabwe) of —4% per decade. Over the African southern
savannahs, ORCHIDEE simulates a positive and strong ET trend during 1982-2010 in a few grid cells
(15% of increase per decade).

3.3. CO; and Climate Effect on iWUE™* and LUE Trends
3.3.1. Atmospheric CO; Effect on iWUE* and LUE Trends

The atmospheric CO; effect on iWUE* and LUE trends is analyzed in Figure 6. We focus on the
difference between the trends of S2 and S2-FIXCO?2 simulations (Table 1). Hereafter, AIWUE* refers
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to the S2-iWUE* trend minus the S2-FIXCO2-iWUE* trend, and ALUE refers to the S2-LUE trend
minus the S2-FIXCO2-LUE trend. We find a positive and high sensitivity of iWUE* and LUE trends
to increasing atmospheric CO,, especially in the central African forest. AIWUE* is 30%—50% per
decade (Figure 6A) of the S2-iWUE* trend, indicating that CO, increase explains about half of the
modeled iIWUE* trend. The CO2 effects result found in this study, is consistent with previous studies
in iWUE* [30,33,64]. Outside the central African forest, the CO, effect on iIWUE* trend is generally
positive but the statistical significance is weak.

Figure 6. Individual effect of rising CO; on the 1982-2010 trends of (A) iWUE* and (B)
LUE. The effect of CO; is attributed by taking the difference between a simulation with
transient CO, increase and one with fixed CO,. Trends are expressed in % of iWUE* or
LUE obtained with a transient CO,. Same color code as in Figure 3

(A) S2-iWUE* trend: CO, effect (B) S2-LUE trend: CO, effect
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The LUE trend shows a very high sensitivity to atmospheric CO; in comparison with the iWUE*
trend. ALUE represents more than 100% of the S2-LUE trend over a large part of the central African
forest, where a high and negative LUE trend is predicted if constant atmospheric CO; is assumed. This
high CO, effect on LUE trend over the central African forest shows a high sensitivity of the
ORCHIDEE model LUE to the atmospheric CO, fertilization effect. Note also that the CO; effect on
the simulated LUE trends is globally positive over the whole continent but not statistically significant
outside the central African forest (as seen with CO; effect on the iIWUE* trend).

3.3.2. A Source of Systematic Error: The Sensitivity of LUE and iWUE* Trends to Climate Forcing Data

The sensitivity of simulated iWUE* and LUE trends to the choice of a climate forcing (CF) defined
by the trend difference between S2 and S2-WFD simulations, which were obtained using WFDEI and
WEFD respectively, is shown in Figure 7. For the MTE product, the sensitivity of the iWUE* trend to
CF is mainly related to differences in VPD trend between WFDEI and WFD (data not shown). The
sensitivity of LUE trend to CF can be explained by differences of solar radiation trends between
WFDEI and WFD.
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The sensitivity of the iWUE* to CF is consistent between simulations and MTE-iWUE*, especially
in the central African forest. The choice of CF, thus, has a significant effect on the iWUE* trend over
the central African forest region. In fact the difference between iWUE* trends from the WFDEI and
WEFD CF reaches up to 75% of the iWUE* trend from WFDEI for both modeled and MTE products
(Figure 7). In contrast, for the central African forest, the MTE-iWUE* trend obtained with WFDEI CF
is weak over the northern savannahs, especially over Cameroon and South Sudan in comparison to that
MTE-iWUE* calculated from the WFD CF. ORCHIDEE shows a weak sensitivity of iWUE* to CF
over the Sahelian zone and Southern Africa, in contrast to the MTE product (Figure 7).

Figure 7. Systematic error (sensitivity) of iWUE* trends and LUE trends to the choice of
climate forcing (CF). Each plot shows the trend difference between a simulation with
WEFDEI CF minus one with WFD CF. (A) Difference between MTE-iWUE* trends calculated
with WFDEI and WFD VPD; (B) Difference between iWUE* trends of ORCHIDEE
2-layers simulations; (C) MTE-LUE calculated with WFDEI and WFD APAR; and
(D) Difference between LUE trends of ORCHIDEE 2-layers simulations.

(A) MTE-iWUE* trend: sensitivity to CF
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The sensitivity of the LUE trend to the choice of CF shows different geographical patterns between
ORCHIDEE simulations and the calculated MTE-LUE (Figure 7). High sensitivity of the MTE-LUE
trend to CF is sparse and mainly located over Cameroon and Gabon: the MTE-LUE trend obtained
with WDF climate is negative and higher than the one obtained with WFDEI (Figure 7). In contrast to
the MTE-LUE, the simulated LUE trend shows higher sensitivities to CF in the central African forest.
The simulated LUE trend at 95% CI is positive with WFDEI-CF and larger than the one obtained with
WEFD climate over Cameroon, whereas LUE trend is weaker over Angola (Figure 7).
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4. Discussions

The fAPAR3g used to calculate a LUE observation-based product was computed from the latest
version of the GIMMS NDVI [40]. NDVI3g is calibrated using SeaWifs data during 1997-2010 [40],
improving the data quality. The fAPAR3g trend during 1982-2010 computed from fAPAR annual
values shows no significant trend over the Sahelian band. This result can be explained by the
compensation between a positive fAPAR trend in growing seasons and a negative trend during the dry
season [35,65—68].

The MTE algorithm is mainly trained on spatial gradients between flux towers to produce long-term
series. However, no flux tower measurements were available to calibrate the MTE data-driven model
over Africa, involving a moderate confidence in MTE products. The performance of MTE based on
cross validation was found to be better for ET whereas MTE-GPP was found to be smaller than GPP
deduced from GOSAT fluorescence data as a proxy or against MODIS GPP datasets [41,69-71]. This
potential negative bias of MTE-GPP value could partly explain the low MTE-iWUE* values for Evergreen
Broad-Leaved Forest ecosystems in comparison with, e.g., the flux tower data analyzed in [18].

The LUE trend that we constructed from observations can be analyzed as the difference between
GPP trend and APAR trend. Over the northern savannahs, both GPP and APAR increased simultaneously
during 1982-2010 and approximately in the same range. These GPP and APAR positive trends imply a
stabilization of the LUE in the African northern savannahs during the last 30 years. Over the rest of
Africa, there is no significant trend for both GPP and APAR.

Since the GPP and ET trends show a roughly comparable geographical pattern, especially over the
southern Sahel (see Figure 5B,C), the geographical pattern of the iWUE* trend ends up being mainly
explained by the VPD trend (data not shown). We found a strong positive VPD trend (from WFDEI)
over the central African forest and the northern savannahs during 1982—2010 probably related to rising
temperatures. This iIWUE* increase, related to the positive VPD trend, reflects positive physiological
responses of plant functional types to environmental changes, as found in previous studies in steppe or
rainforest [28,72,73].

The LUE trend simulated by ORCHIDEE is only significant over the central African forest and
matches the geographical pattern of the simulated GPP trend (Figure 4B,C compared to Figure SE,H),
since ORCHIDEE failed to simulate the significant fAPAR trend (calculated from annual value) over
the northern savannahs as seen in fAPAR3g satellite data. The positive GPP trend simulated over the
central Africa is probably due to the high sensitivity of ORCHIDEE to CO, fertilization especially in
forest areas.

The difficulties of ORCHIDEE to simulate a statistically significant ET trend over the northern
savannahs could explain the low significance of the simulated iWUE* trend over these areas. As for
LUE, ORCHIDEE only succeeds to produce a positive and significant iWUE* trend over the central
African forest, which is highly related to the CO, increase, and is consistent with the relationship
between CO, and iWUE* found in previous studies [30-33]. Note that the two versions of
ORCHIDEE used in this study do not have as many differences in the spatial patterns of the trends
compared to their averages, indicating that the soil diffusion scheme has no effect on fAPAR, GPP and
ET trends but affects the mean values of these variables. Therefore, the difficulties of ORCHIDEE to
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reproduce geographical patterns of trends from satellite and data-driven model could be related to the
phenology scheme instead of the soil hydrology model.

Besides the difference between the hydrological schemes of both ORCHIDEE versions, uncertainties
from soil water availability on iWUE* and LUE trends are not specifically addressed in this study as
well as ecological processes such as photosynthesis, respiration or fire. Soil moisture appears as a key
factor for iIWUE* and LUE trends and especially over steppe areas [60,73]. In addition, environmental
factors such as cloudiness acts on iWUE* and LUE as well as vegetation photosynthesis and
respiration [27,28,64]. It is, therefore, critical, for future studies, to analyze the environmental and
ecological processes effects on the African iWUE* and LUE trends.

5. Conclusions

Previous studies have reported the sensitivity of light use efficiency (LUE) and inherent water use
efficiency (iIWUE*) to atmospheric CO, increase, climate trends and land use change [27-34] with
very few studies over Africa. These studies were mainly based on in sifu measurements and focused on
specific locations. The main novelty of this study is the use of recently available satellite data to
investigate trends of LUE and iWUE* over African biomes for the past 30 years. The capability of a
process based land surface model to reproduce the LUE and iWUE* trends in Africa was also
analyzed, which can serve as a basis for evaluation of other models. In addition, we have attempted to
attribute the effect of rising CO, and the impact of two different gridded climate forcing datasets on
LUE and iWUE* trends.

We found from satellite and climate observations that iIWUE* increased significantly over the last
three decades over the northern savannas and central African forest biomes (10%—20% per decade),
consistent with the long-term increase in WUE observed at forest sites elsewhere [32,64,74—80]. The
ORCHIDEE model only succeeded to reproduce a significant and positive iWUE* trend in the central
African forest and not in savannas. Between 30% and 50% of the simulated iWUE* trend is attributed
to the increased atmospheric CO,. We note however that diagnosing trends of iWUE* is subject to
systematic errors related to the use of a specific climate forcing dataset. This source of error is very
important over the central African forest. This result shows the importance of having accurate climatic
historical reconstructions to investigate iWUE* and LUE trends in observations and in models as
recently pointed out for drought trends as well [81,82].

In opposite to iWUE* trend, the observation-derived LUE trend is not statistically significant over
most part of Africa. In contrast to the observations, ORCHIDEE shows a 5% LUE increase per decade
in central African forest, probably due to the high CO, fertilization effect of the model, particularly in
forest ecosystems. The simulated LUE trend shows an opposite sign depending on whether rising CO,
is included or not in the simulation. The effect on simulated LUE trend caused the use of a specific
climate forcing is important, especially over Cameroon, for the observation-based product, whereas
ORCHIDEE shows a sensitivity to climate forcing over the central African forest.

The way forward to improve ORCHIDEE simulations of LUE and iWUE* is a better representation
of phenology using e.g., in situ observations for calibration. Because the trends of annual LUE and
iWUE* can result from different responses during different seasons, evaluation of LUE and iWUE*
seasonal trends and variability is a priority for future studies. Finally, it will be necessary to analyze
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land use change effects on LUE and iWUE* in regions where agricultural area and practice have
changed significantly over the last decade.
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