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with Gross Primary Production (GPP). However, it remains unclear to what extent this relationship is due to
absorbed photosynthetically active radiation (APAR) and/or light use efﬁciency (LUE). Here we present the
ﬁrst time series of near-surface measurement of canopy-scale SIF at 760 nm in temperate deciduous forests.
SIF correlated with GPP estimated with eddy covariance at diurnal and seasonal scales (r2 = 0.82 and 0.73,
respectively), as well as with APAR diurnally and seasonally (r2 = 0.90 and 0.80, respectively). SIF/APAR is
signiﬁcantly positively correlated with LUE and is higher during cloudy days than sunny days. Weekly
tower-based SIF agreed with SIF from the Global Ozone Monitoring Experiment-2 (r2 = 0.82). Our results
provide ground-based evidence that SIF is directly related to both APAR and LUE and thus GPP, and
conﬁrm that satellite SIF can be used as a proxy for GPP.
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1. Introduction
Plant photosynthesis, which supports most life on Earth [Demmig-Adams and Adams, 2000], is also the largest
CO2 ﬂux in the global carbon cycle [Ciais et al., 2013]. Spatially and temporally explicit estimation of
photosynthesis on the ecosystem scale (Gross Primary Production, GPP) can provide important information
about when, where, and how much carbon dioxide is absorbed as part of the terrestrial carbon budget
[Parazoo et al., 2014; Zhang et al., 2014]. However, direct measurements of GPP are challenging because the
net ecosystem exchange (NEE) measured by state-of-the-art methods such as eddy covariance is the
combination of both GPP (CO2 uptake) and ecosystem respiration (CO2 release). Disentangling these two
ﬂuxes involves assumptions that might not hold in certain circumstances [Reichstein et al., 2005]. Currently,
three methods are used for the estimation of global GPP: (1) machine learning methods using data from a
network of eddy covariance towers, remote sensing, and gridded climatic products [e.g., Beer et al., 2010; Jung
et al., 2011]; (2) combination of satellite measurements of vegetation greenness and climate variables through a
modeling approach [e.g., Zhao et al., 2005; Ryu et al., 2011; Field et al., 1995]; and (3) process-based models
integrated in the Earth system models [e.g., Lawrence et al., 2011; Schaefer et al., 2012]. Multiple sources of
uncertainty from model parameterization and explanatory variables can be propagated during the estimation
of global GPP [Beer et al., 2010], calling for other independent estimates.
Chlorophyll pigments absorb photons that power photosynthesis. Some of the photons are reemitted at a
longer wavelength, in a process called chlorophyll ﬂuorescence. This phenomenon provides a way to
estimate photosynthesis using ﬂuorescence. Most previous chlorophyll ﬂuorescence research was conducted
using the Pulse Amplitude Modulation (PAM) method in the lab and ﬁeld [Baker, 2008; Genty et al., 1989;
Richardson and Berlyn, 2002; van der Tol et al., 2014]. Alternatively, high spectral resolution spectrometers
have been used to measure steady state ﬂuorescence, for example, the solar-induced chlorophyll ﬂuorescence
(SIF) that is emitted during absorption of sunlight by chlorophyll. More recently, the instruments to measure
SIF from orbiting platforms (e.g., from the Japanese Greenhouse gases Observing SATellite, GOSAT; or
Global Ozone Monitoring Experiment-2, GOME-2) provide a means for estimating GPP from space-based SIF
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retrievals [e.g., Frankenberg et al., 2011; Guanter et al., 2012; Joiner et al., 2011, 2013]. The spatial and temporal
patterns of satellite-derived SIF are highly correlated with those of GPP derived using state-of-the-art methods,
although it has been shown that SIF-GPP relationship is biome speciﬁc [Guanter et al., 2012]. There have
been some ﬁeld studies to measure SIF [Meroni et al., 2009; Rossini et al., 2010, 2012; Perez-Priego et al., 2005;
Daumard et al., 2012; Zarco-Tejada et al., 2013; Guanter et al., 2013]. However, continuous measurements of SIF
along with CO2 ﬂux measurements using the eddy covariance method are rare [Balzarolo et al., 2011; Cheng
et al., 2013; Damm et al., 2010]. Furthermore, most studies have been conducted over croplands or shrublands
[Rascher et al., 2009; Zarco-Tejada et al., 2012], yet SIF measurements in deciduous forests have not been reported.
An additional question arises as to whether SIF at 760 nm properly represents GPP or if they merely correlate to a
common “hidden” variable. GPP can be thought of as the product of the absorbed photosynthetically active
radiation (APAR) times the plant’s light use efﬁciency (LUE), i.e., the conversion rate of photons to CO2 uptake:
GPP ¼ APAR  LUE

(1)

SIF can be formulated in a similar way [Guanter et al., 2014]:
SIF ¼ APAR  SIFyield

(2)

where SIFyield is the emitted SIF per photon absorbed. Since ﬂuorescence is most directly a response to
absorbed radiation, one may ask whether the SIF-GPP relationship only reﬂects the relationship between SIF
and APAR, or whether SIF also contains information on LUE, and thus more closely represents GPP. Continuous
measurements of canopy SIF under different light conditions and plant phenological stages could help
answer this question [Frankenberg et al., 2011; Porcar-Castell et al., 2014].
In this study, we developed a novel spectroscopic system and obtained the ﬁrst high-frequency time series of
canopy SIF in temperate deciduous forests. We estimated GPP using data from a nearby eddy covariance
tower. With these measurements, we aim to address the following questions: (1) how does SIF change
seasonally and how is it controlled by environmental factors in a temperate deciduous forest? (2) Does SIF
contain information on APAR and/or LUE? (3) How do the tower-based and satellite-based observations of
SIF compare with each other? Answers to those questions can provide ground-based evidence for using SIF
as a proxy for GPP at the global scale.

2. Methods
2.1. Harvard Forest Environmental and CO2 Exchange Measurements
The study site is in Harvard Forest (42.538 N, 72.171 W), which is a mixed temperate forest in central
Massachusetts, USA. The dominant deciduous tree species are red oak (Quercus rubra) and red maple
(Acer rubrum), with a few scattered yellow birch (Betula alleghaniensis). The forest age is 70–100 years. The
long-term annual mean temperature is about 7.5°C, and the annual precipitation is 1200 mm.
Environmental data were continuously collected every half an hour. These data included air temperature and
relative humidity (HMP45C, Vaisala, Finland), air pressure (CS105, Vaisala, Finland), incident photosynthetically
active radiation above the canopy (PARabove) and canopy-reﬂected PAR (PARreﬂect) from two quantum sensors
(PQS-1, Kipp & Zonen B.V., Delft, Netherlands), and the average of understory PAR (PARunder) from three of the
same sensors. A sunshine sensor was used to measure diffuse (PARdiff ) and total PAR (PARtot) (BF-5, Delta-T
Devices, Cambridge, UK). We deﬁned the days when the daily mean diffuse PAR fraction (PARdiff/PARtot) >50%
as cloudy. The absorbed PAR (APAR) every 30 min was calculated according to equation (3). Daily PAR and APAR
were calculated as the mean values of observations between 6:00 A.M. and 6:00 P.M. (PARmean, APARmean).
APAR ¼ PARabove  PARreflect  PARunder

(3)

An eddy covariance tower (Harvard Forest Environmental Monitoring Station, EMS) measured CO2 exchange
between the forest and atmosphere [Urbanski et al., 2007]. We used the method in Reichstein et al. [2005] to
partition daytime NEE into GPP and ecosystem respiration. Daily GPP was calculated as the sum of 30 min
GPP of each day (hereafter: GPPEC). The light use efﬁciency (LUE) was calculated as GPPEC/APAR.
Narrowband silicon photodiode sensors mounted on the top of the tower (~10 m above the canopy)
measure incoming (0° viewing zenith angle, ﬁeld of view—FOV—is 180°) and reﬂected light (inclined
downward at an angle of 30° below horizontal, FOV = 25°) at 860 nm, 655 nm, 570 nm, 530 nm, and 470 nm,
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which were used to calculate reﬂectance at each wavelength ( ρ860, ρ655, ρ570, ρ530 and ρ470, Skye 1850,
Llandrindod Wells, UK). We then calculated the normalized difference vegetation index (NDVI), the
enhanced vegetation index (EVI), and the Photochemical Reﬂectance Index (PRI) as follows [Huete et al.,
2002; Gamon et al., 1992]:
NDVI ¼
EVI ¼ 2:5

ρ860  ρ655
ρ860 þ ρ655

ρ860  ρ655
ρ860 þ 6ρ655  7:5ρ470 þ 1
PRI ¼

ρ530  ρ570
ρ530 þ ρ570

(4)

(5)

(6)

2.2. Tower-Based Measurements of Solar-Induced Fluorescence
We designed a novel system (FluoSpec) to measure SIF (Figure S1). FluoSpec was deployed in the ﬁeld
from 21 June to 26 October 2013 about 5 m above the canopy on the top of a tower (~1.4 km from the
EMS tower). Note that although GPPEC and SIF were measured at different locations, we assume that eddy
covariance tower measurements are representative for a relatively homogeneous landscape in these
locations. The key component of FluoSpec is a spectrometer with a spectral resolution of ~0.13 nm
(full width at half maximum, FWHM) between 680 nm and 775 nm (HR2000+, OceanOptics, Inc., Dunedin,
Florida). The spectrometer was connected to an inline ﬁber optic shutter (FOS-2x2-TTL, OceanOptics, Inc.)
with two ports, each of which was connected to a ﬁber optic. One of the ﬁber optics was pointed
toward the tree canopy (facing north; FOV: 25°; viewing zenith angle: 30°), while the other one was
attached with a cosine corrector (CC-3, OceanOptics, Inc.) pointed toward the sky to collect incident
light from 180° FOV [Zarco-Tejada et al., 2013]. The shutter switched between input ﬁbers to collect the
signal from either the canopy or sky at one time.
The spectrometer ﬁrst collected solar irradiance (integrating time: 5 s), then the shutter immediately
switched to measure canopy radiance (integrating time: 5 s). Every 5 min the system completed a
measurement cycle with one irradiance measurement and the mean of 59 canopy radiance measurements.
By measuring solar irradiance and canopy radiance sequentially, we assume that each irradiance
measurement provides a “reference” for the subsequent canopy radiance measurement. All measurements
were corrected for dark current.
Radiometric and wavelength calibrations were performed prior to and one time during the ﬁeld campaign
using a radiometric calibration light source (LS-1-CAL, OceanOptics, Inc.) and wavelength calibration light
source (HG-1, OceanOptics, Inc.). The raw data collected by the spectrometer were then converted to
irradiance (mW/m2/nm) and radiance (mW/m2/sr/nm) [Perez-Priego et al., 2005].
We used the spectral ﬁtting methods to extract the SIF by exploiting the oxygen absorption (O2-A) band at
760 nm [Meroni et al., 2009] (for details, see supplementary information). We discarded data when the
ﬁtting algorithm R2 < 0.99. Half-hourly SIF (SIF30min) was produced by averaging all SIF measurements of
good quality during each time period. We calculated daily mean SIF (SIFmean, mean SIF between 6 am
and 6 pm) to represent the emission of SIF of each day. Daily SIFyield was calculated as the average of
half-hourly SIFyield:
X

SIFyield ¼
SIF30 min =APAR30 min =N
(7)
where APAR30 min is the half-hourly mean APAR (umol photon/m2/s) and N is the number of half-hourly
measurements. To compare with weekly satellite data, we also calculated the weekly average of sunny
day SIF using SIF at 09:30 am (satellite local passing time) measured on days with diffuse PAR fraction < 0.5
(see section 2.3).
Using irradiance and radiance spectra, we calculated canopy reﬂectance between 680 nm and 775 nm.
Similar to equation (4), we calculated NDVI and a normalized difference index (NDI, or Chl NDI as in
Richardson et al. [2002]) for each sampling interval as in equation (5) [Garrity et al., 2010; Rossini et al., 2010;
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Gitelson and Merzlyak, 1994]. NDI is designed for the detection of canopy chlorophyll content. Daily NDVI and
NDI, deﬁned as follows, are averaged values between 6:00 A.M. and 6:00 P.M. NDVI in equation (8) is deﬁned
slightly different from the one in equation (4) because of the wavelength limit of the spectrometer.
ρ750  ρ685
ρ750 þ ρ685

(8)

ρ750  ρ705
ρ750 þ ρ705

(9)

NDVI ¼
NDI ¼

2.3. Satellite Measurements of Solar-Induced Fluorescence
We compared tower-based SIF with satellite-based SIF from GOME-2 (the Global Ozone Monitoring
Experiment-2), which is an UV/visible spectrometer that measures top-of-atmosphere radiance between
240 and 790 nm. Radiance data that cover 734–758 nm (resolution: ~0.5 nm FWHM) were used to estimate
SIF with the method of Joiner et al. [2013]. We used the gridded data set of GOME-2 SIF (level 3, version: v25)
with spatial resolution of 0.5° latitude × 0.5° longitude. SIF was extracted from a 3 × 3 window (1.5° × 1.5°s)
centered on Harvard Forest between June and October in 2013. Since GOME-2 SIF was extracted for 740 nm,
we multiplied GOME-2 SIF with 0.582 using the method suggested in Joiner et al. [2013] to approximate SIF at
760 nm using Soil Canopy Observation Photochemistry and Energy ﬂuxes (SCOPE) model [van der Tol et al.,
2009] (see supporting information).
2.4. Estimating GPP Using MODIS Algorithm
Based on the Moderate Resolution Imaging Spectroradiometer (MODIS) GPP algorithm, we estimated daily
GPP (GPPMOD) as a reference to compare with the SIF-GPP relationship [Running et al., 2004].
GPP ¼ 0:45εmax F SW f APAR SVPD ST

(10)

where εmax = 0.001044 (kg C MJ1), which is the maximum light use efﬁciency for temperate deciduous
forest. FSW is the measured shortwave radiation. fAPAR was calculated as APAR/PARabove. SVPD and ST are scale
factors for VPD (Vapor Pressure Deﬁcit) and temperature (see Running et al. [2004] for details). All of these
parameters are from meteorological station in Harvard Forest.
In addition, the MODIS 8 day 1 km GPP product (MOD17A2, hereafter GPPSAT ) for the Harvard Forest pixel
was extracted to compare with GPP estimated from the EMS eddy covariance data. We used the quality
control ﬂag in the MODIS GPP product to exclude bad data points (only data with quality control ﬂag equal to
0 or 32 were included).

3. Results
Tower-based SIFmean gradually declined from 0.8 to 1.0 mW/m2/sr/nm during the summer to ~0.2 mW/m2/sr/nm
by the end of the growing season. Similarly, daily GPPEC decreased from ~12 g C/m2/day to 1 g C/m2/day
(Figure 1a). Both SIF and GPPEC showed large day-to-day variations, which was mainly driven by the variations
in PARmean and, therefore, APARmean (R2 = 0.684 and 0.671, respectively; Figures 1b, S2b, S3a, and S3d). Daily
mean VPD and air temperature only explained a small portion of the seasonal variations in SIFmean and GPPEC
(for SIF, R2 = 0.352 and 0.346; for GPP, R2 = 0.115 and 0.306; see Figure S3).
The seasonal pattern (June to October 2013) of SIFmean agrees well with that of daily GPPEC (R2 = 0.725;
Figures 1a and 2a), which is consistent with the ﬁndings using satellite SIF [Frankenberg et al., 2011]. Since
satellites like GOSAT, GOME-2, and OCO-2 measure SIF during a speciﬁc time of day (local passing time,
~13:30 for GOSAT and OCO-2, and 09:30 for GOME-2), we also compared tower-based SIF we measured
at these times with daily GPPEC, as satellite-based SIF was often compared with daily integrated GPP
in previous works [Frankenberg et al., 2011; Joiner et al., 2014]. SIF at both local times are signiﬁcantly
correlated with daily GPPEC (Figure S4a) and GPPEC at both local times (Figure S4b). The correlation
between daily GPP estimated using the MODIS algorithm (GPPMOD, with local meteorological data as
inputs) and GPPEC is slightly weaker (R2 = 0.612; Figure S5d). Similarly, the MODIS 8 day GPP product
(GPPSAT ) explained ~50% of the variance in GPPEC but underestimated GPPEC in the summer (R2 = 0.502;
YANG ET AL.
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Figure 1. Seasonal patterns of (a) daily mean solar-induced ﬂuorescence (SIF) compared with Gross Primary Productivity
(GPP) estimated from eddy covariance tower measurements, (b) daily Absorbed Photosynthetic Active Radiation (APAR),
and (c) SIF yield (SIF/APAR). Green dots are from sunny days (diffuse/total radiation < 50%), and black circles are from
cloudy days (diffuse/total radiation > 50%), (d) midday light use efﬁciency (LUE), (e) the ratio between LUE and SIF yield,
and (f) NDVI and EVI from narrowband silicon photodiode sensors.

Figure S5a). We found a signiﬁcant correlation between SIFmean and APAR (R2 = 0.794, p < 0.0001;
Figure 2d), while the vegetation indices (NDVI and EVI) clearly saturated at high GPP and APAR (Figures 2b,
2c, 2e, and 2f ). Speciﬁcally, when GPPEC > 8 g C/m2/day, NDVI and EVI showed little change, which was
the case for most of the days between June and September. Similar results have been found for croplands
and grasslands [Guanter et al., 2014]. NDVI and NDI measured with high spectral resolution spectrometers
(see section 2.2) showed similar seasonal trajectories as NDVI measured with narrowband photodiode
sensors (Figure S6).
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Figure 2. Scatterplots between daily integrated GPP and (a) daily mean SIF, (b) NDVI, and (c) EVI. The scatterplots
between daily mean APAR and (d) daily mean SIF, (e) NDVI, and (f ) EVI. In Figure 2a, red dots are from sunny days,
2
red line is the linear regression between sunny day GPP and SIF: GPP = 13.21*SIF + 0.19 (r = 0.764, p < 0.0001); blue
dots are from cloudy days, and blue line is the linear regression between cloudy day GPP and SIF: GPP = 10.76*SIF
2
2
+ 1.97 (r = 0.685, p < 0.0001). For all the days (black line), GPP = 11.82*SIF + 1.19 (r = 0.725, p < 0.0001). In Figure 2d,
red dots are from sunny days, red line is the linear regression between sunny day APAR and SIF: APAR = 1004.73*
2
SIF + 303.64 (r = 0.818, p < 0.0001); blue dots are from cloudy days, and blue line is the linear regression between
2
cloudy day APAR and SIF: APAR = 741.59* SIF + 231.43 (r = 0.786, p < 0.0001). For all the days (black line), APAR = 970.36*
2
SIF + 250.29 (r = 0.705, p < 0.0001). For the relationship between NDVI and GPP (black line in Figure 2b): GPP = 0.592
2
2
+ 0.081*exp(5.59*NDVI) (R = 0.699); EVI and GPP (black line in Figure 2c): GPP = 0.220 + 0.104*exp(7.451*EVI) (R = 0.723);
2
NDVI and APAR (black line in Figure 2e): APAR = 313.568 + 0.623*exp(7.881*NDVI) (R = 0.355); EVI and APAR (black line in
2
Figure 2f): APAR = 318.485 + 0.067*exp(15.03*EVI) (R = 0.571).

To remove the inﬂuence of APAR (equations (2) and (3)), we analyzed the relationship between SIFyield
(SIF/APAR) and LUE (GPP/APAR). SIFyield is generally 1 order of magnitude smaller than LUE (since usually
less than 2% of the absorbed photon is reemitted as ﬂuorescence), but SIFyield shows signiﬁcantly
positive correlation with LUE (r2 = 0.39, p < 0.0001; Figure 3). Moreover, as PRI is often used as a proxy for
LUE [Gamon et al., 1992; Hall et al., 2008], we compared SIFyield and PRI, which similarly showed a
statistically signiﬁcant relationship (r2 = 0.31, p < 0.0001; Figure 3). SIFyield and LUE increased with diffuse
light fraction (PARdiff/PARtot) (Figures 1c, 1d, and S7). Both SIFyield and LUE generally showed higher
values during the cloudy days compared with sunny days, consistent with expected increases in
efﬁciency of both ﬂuorescence and photosynthesis under diffuse light (Figure S8) [Gu et al., 2003].
Diurnal SIF measurements (30 min interval) averaged for each month showed a typical hump shape with a
steady increase in the morning and decline in the afternoon (Figure 4). The diurnal patterns of SIF were similar
to those of GPP (r2 = 0.80). The magnitude of both GPP and SIF declined as the season progressed into fall
(Figures 4a and 4e).
Weekly mean sunny day SIF at 09:30 A.M. measured on the ground agreed with GOME-2 SIF converted to
approximate SIF at 760 nm (R2 = 0.82; Figure 5; for conversion details, see supporting information), with
mean values of GOME-2 SIF are generally higher than those measured on the ground. Overall, the mean
value of GOME-2 SIF showed a decreasing trend from the midsummer, consistent with our ground-based
estimation of SIF.

4. Discussion
Here we presented the ﬁrst continuously measured SIF over diurnal and seasonal time scales in temperate
deciduous forests. Most importantly, we have used this data set to assess whether SIF is merely a proxy for
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APAR, or SIF contains more information
that makes it particularly relevant to
GPP (i.e., APAR × LUE). Our results
suggest that SIF contains information
about both APAR and LUE.
SIF generally decreases from
midsummer to late fall. Superimposed
on this pattern is a pronounced
day-to-day variation that is highly
correlated with PAR (and therefore
APAR: in our study we found a nearly
1:1 relationship between the two
variables for the study period,
R2 = 0.996, Figure S9), as well as a
strong diurnal pattern (Figure 4). We
interpret these results as suggesting
that SIF is mainly driven by APAR,
since variations in APAR are much
larger than the other component in
equation (2)—SIFyield (Figures 1b
and 1c). The results also suggest
that SIF can be considered as a
good estimator of APAR, potentially
complement the existing APAR
products or ground observation
methods based on the above and
below canopy measurements of PAR
[Frankenberg et al., 2012; Jenkins et al.,
2007; Knyazikhin et al., 1998].
As LUE changes with vegetation
phenology and plants’ responses to
various environmental factors
including cloudiness [e.g., Jenkins
et al., 2007], the signiﬁcant and positive relationship between SIFyield and LUE suggests that SIFyield responds
to variations in these factors as well (Figure S8). Previous studies have shown that chloroplastic heat dissipation
(nonphotochemical quenching, NPQ) is the main driver of the variations in ﬂuorescence and photosystem
yields, and the positive correlation between SIFyield and LUE is consistent with the results from photosynthesis
models parameterized using ﬂuorescence measured by PAM [Van der Tol et al., 2014]. We expected that when
NPQ is absent or small, SIFyield and LUE could be negatively correlated. As PRI is positively correlated with
LUE throughout the season [Hall et al., 2008] (although a few studies suggest that seasonal PRI is also controlled
by pigment pool sizes) [Wong and Gamon, 2014], a signiﬁcant and positive relationship between SIFyield and
PRI further supported our ﬁnding above. The positive correlation between SIFyield and PRI (and SIFyield and
LUE) has also been found for cropland systems [Middleton et al., 2009; Cheng et al., 2013]. Further works
need to be extended to other biome types, such as tropical forests or arctic tundra [Lee et al., 2013; Rocha
and Shaver, 2010].
Figure 3. Relationships between (top) SIFyield and LUE and (bottom)
SIFyield and PRI. Blue lines in both plots are linear regression between
two variables.

Within the time period of the measurements, the relationship between SIF and GPP is well characterized by
a linear function (Figure 2a). This result does not exclude other forms of the function for the SIF-GPP
relationship. At the leaf level, previous works using cotton and tobacco leaves suggested that under high
irradiance SIF keeps increasing while GPP tends to saturate [van der Tol et al., 2014], while at the canopy
scale, both satellite-based and UAV-based works suggest that a linear function can well characterize the
SIF-GPP relationship in various biomes and times of day [Frankenberg et al., 2011; Guanter et al., 2012;
Guanter et al., 2014; Zarco-Tejada et al., 2013]. More studies are needed to make measurements of SIF and
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Figure 4. Monthly mean diurnal patterns of SIF, GPP, and APAR. Dots are mean values and shaded areas indicate standard
deviations. The r-square values for SIF-GPP (blue) and SIF-APAR (magenta) were shown on the top left corners of each subplot.
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GPP at different environmental
conditions (various light, water
availability, and CO2 level) to assess to
what extent this linear relationship
between SIF and GPP holds.

Figure 5. Comparison between ground-measured SIF and GOME-2-derived
SIF. Weekly mean GOME-2 SIF in 2013 in the 3 × 3 window centered on
Harvard Forest was plotted as red dots (and standard deviation as shaded
areas). GOME-2 SIF calculated for 740 nm was converted to 760 nm by
multiplying 0.582 (see supporting information). Weekly average of sunny
day ground SIF at 09:30 A.M. was plotted as blue circles.

Chlorophyll ﬂuorescence spectra have
two peaks: one in red (~690 nm) and the
other in far red (740 nm). Red peak is
mainly contributed by Photosystem II
activity, while far-red peak is the
combination of both Photosystem I and
II (PSI and PSII). It has been suggested
that PSII ﬂuorescence is related to
photochemical processes, thus giving
information on LUE [Porcar-Castell et al.,
2014; Rossini et al., 2015]. In our study, we
estimated SIF at 760 nm, which is thus
the combination of both PSI and PSII
ﬂuorescence at 760 nm. Measurements
of both red and far-red ﬂuorescence can
provide a more complete picture of
canopy photosynthesis.

The diurnal patterns of SIF we observed may be controlled by both physiological and optical (directionality)
factors. When solar zenith angle varies throughout the day, the proportion of sunlit and shaded leaves the
FluoSpec “sees” varies [Damm et al., 2015]. As sunlit and shaded leaves receive different amount of PAR,
SIF emitted from these two groups of leaves differs. Disentangling the physiological and directionality
controls on SIF using coupled radiative transfer and leaf biochemistry model is the next step [Van der Tol et al.,
2009; Van der Tol et al., 2014; Hilker et al., 2008]. Additionally, moving (or broken) cloud cover might
dramatically change the irradiance spectra within a short period of time (even within 5 min), and the depth of
O2A band can be signiﬁcantly affected, while the Fraunhofer line might be less affected [Frankenberg et al.,
2011]. Future research is needed to test Fraunhofer lines approaches.
Here we show for the ﬁrst time that satellite observations of SIF agree well with ground-based retrievals.
Although tower- and satellite-based measurements of SIF represent different spatial scales (satellite
0.5° × 0.5° per pixel versus tower ~3 m × 3 m), we found a strong linear temporal correlation between tower
and satellite retrievals with only slightly higher absolute values for satellite-based SIF estimation (R2 = 0.82).
One possible reason for the difference between the magnitude of tower-based and satellite-based SIF is that
we assumed a ﬁxed shape of ﬂuorescence emission spectrum when converting GOME-2 SIF at 740 nm to
760 nm. However, the shape of the ﬂuorescence spectrum could change when chlorophyll content changes
[Buschmann, 2007]. The differences between tower and satellite measurements in terms of deﬁning cloudy
days can also partly explain the difference between the two types of measurements of SIF: although both
excluded cloudy days, the GOME-2 level 3 gridded data exclude data with effective cloud fractions (which is
the approximation of the amount of surface not seen by the satellite) > 0.3, while our tower observations
exclude PARdiff/PARtot > 0.5. Vegetation indices such as NDVI, EVI, and narrowband NDI that are commonly
used as indicators of canopy greenness showed a clear saturation effect when compared with GPP and
APAR (Figures 2 and S6). These results provide support for the future use of satellite SIF products to assess
photosynthetic activity [Guanter et al., 2014; Joiner et al., 2014]. We note that a multiscale comparison
between tower-, airborne-based, and satellite measurements (e.g., currently Orbiting Carbon Observatory-2,
OCO-2 [Frankenberg et al., 2014], future Flourescence Explorer mission [Rascher et al., 2009], and Tropospheric
Monitoring Instrument, [Veefkind et al., 2012]) satellite measurements should be carried out to fully validate
satellite SIF retrievals and explore the potential of SIF for GPP estimation.
With this unique data set of continuous measurements of SIF, we show that SIF is signiﬁcantly correlated with
GPP estimated from the eddy covariance method. Furthermore, SIF appears to be more than just a proxy for
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APAR: the same amount of APAR produced more SIF (SIFyield) under cloudy days comparing to sunny days
and SIFyield is signiﬁcantly correlated with LUE, thus demonstrating that SIF incorporates information about
both APAR and LUE (the two components of GPP). Our results demonstrate that SIF measurements contain
information about ecosystem functioning and thus could be considered as standard measurements along
with CO2 exchange measurements in carbon ﬂux monitoring networks such as AmeriFlux [Baldocchi et al.,
2001] and the National Ecological Observatory Network [Keller et al., 2008].
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