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A B S T R A C T

Clouds and aerosols can increase canopy photosynthesis relative to clear-sky values through changes in total and 
diffuse solar radiation: the diffuse fertilization effect (DFE). DFE varies across observational sites due to (a) 
inconsistent definitions and quantifications of DFE, (b) unexplored relationships between DFE and cloudiness 
type, and (c) insufficient knowledge of the effect of site characteristics. We showed that: DFE definitions vary, 
DFE quantifications do not connect to existing definitions or do not isolate the causal factor, and a systematic 
protocol to quantify DFE is lacking. A new theoretical framework served to clarify the relation between DFE 
definitions, and showed how DFE varies with cloudiness types and site characteristics. We proposed guidelines 
for a systematic DFE quantification across studies, and which aim to isolate the causal factor of DFE.

Applying our framework to observations of canopy photosynthesis, solar radiation and cloudiness types we 
quantified DFE at daily and sub-daily time scales. We showed for the first time how DFE varies with cloudiness 
type, due to the varying trade-off between diffuse radiation and total solar radiation. Using an observation-driven 
canopy photosynthesis model, we showed that the DFE varies with site characteristics and time of day. The DFE 
responded strongly to leaf area index, canopy nitrogen distribution, leaf orientation and leaf transmittance, with 
leaf area index and leaf orientation driving DFE occurrences at our site. Our study emphasizes the importance of 
quantifying the DFE systematically and accurately across observational sites and highlights the need for infor-
mation on cloudiness climatology and site characteristics.

1. Introduction

A major determinant of canopy photosynthesis (Acan) is the amount 
of solar radiation reaching the land surface, a fact that has been known 
for over two centuries (Geerdt, 2007; Gest, 2000; Ingenhousz, 1779). 
Since the early nineties, Acan has been observed to be sensitive to the 
geometry of solar radiation as well (Denmead, 1991; Price and Black, 
1990): when traversing the atmosphere, solar radiation may be scattered 
through interactions with molecules, aerosols or clouds, and thus made 
diffuse. Diffuse radiation arrives from all directions compared to 
non-scattered (direct) radiation, and is more evenly distributed among 
the leaves in a canopy. Since leaf photosynthesis rate saturates at high 
levels of solar radiation (i.e. decreasing slope of photosynthesis vs. solar 
radiation), a more even radiation distribution increases radiation use 
efficiency (Roderick et al., 2001). Clouds and aerosols can therefore 

push Acan above clear-sky rates, a phenomenon known as the diffuse 
fertilization effect (DFE)(Kanniah et al., 2012). The occurrence of this 
phenomenon is not guaranteed, however, since clouds and aerosols also 
attenuate solar radiation, thus reducing Acan. The balance between 
increased diffuse radiation and reduced total solar radiation determines 
whether or not clouds and aerosols (hereafter referred to as “cloudi-
ness”) enhance Acan (Alton, 2008; Mercado et al., 2009).

To add complexity, the DFE is modulated by factors affecting Acan, 
including latitude, canopy architecture, above- and in-canopy micro-
climate, leaf biophysical and biochemical properties, and soil properties 
(all referred to as “site characteristics” hereafter). In addition, secondary 
cloudiness effects such as changes in solar radiation spectrum or indirect 
changes in air temperature and VPD (through changes in solar radiation) 
modulate DFE as well. Not surprisingly, observed responses of Acan to 
cloudiness are diverse (for overviews, see Durand et al., 2021; Kanniah 
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et al., 2012): in some cases, cloudiness increased Acan compared to clear 
skies (e.g. Hollinger et al., 1994; Liu et al., 2022), whereas in other cases 
it did not (e.g. Alton et al., 2007; Kanniah et al., 2013), and this lack of 
consensus has been repeatedly emphasized (Alton, 2008; Cheng et al., 
2015; Durand et al., 2021).

There is an inability to explain why the DFE occurs at some obser-
vational sites but not others. This inability is problematic given that the 
response of vegetation to diffuse radiation is a major source of uncer-
tainty in the land sink of the global carbon budget (Friedlingstein et al., 
2023), while the global carbon budget in turn is a major source of un-
certainty in climate projections (Arias et al., 2021). We noticed three 
aspects in the literature that may be responsible for this inability. First, 
different research groups define and quantify the DFE differently. 
Hence, even with the same observational dataset, conclusions about the 
occurrence of DFE may differ between research groups. Second, to our 
knowledge, no publication has linked cloudiness type to DFE. Different 
cloudiness types can be expected to alter direct and diffuse radiation 
differently, which would cause variation in DFE occurrence across 
observational sites. Third, little is known on the mechanism(s) and 
magnitude by which site characteristics modulate the DFE (Liu et al., 
2022). Different observational sites have different site characteristics, 
which will convert a given change in solar radiation components under 
cloudiness to Acan differently.

Our objectives were to develop guidelines for a consistent and 
feasible quantification of the DFE, and, to develop a theoretical frame-
work enabling us to quantitatively determine how cloudiness types and 
site characteristics cause variation in DFE occurrence. For validation, we 
analysed the occurrence of DFE using an observational dataset and a 
canopy photosynthesis model. Our research questions (RQs) were: (1) 
How can the DFE be quantified accurately from simultaneous observa-
tions of solar radiation, cloudiness types and Acan? (2) How does the 
trade-off in diffuse and total radiation, and the DFE, vary across 
cloudiness types? (3) How does the DFE vary with site characteristics?

2. DFE guidelines and framework

We first reflect on how the literature currently defines and quantifies 
the DFE. Then, we develop guidelines for quantifying the DFE in a 
consistent and feasible manner (RQ1). Thereafter, we develop a theo-
retical framework to qualitatively assess how the DFE varies with 
cloudiness and site types (RQ2 and RQ3).

2.1. Guidelines for quantifying the DFE

2.1.1. Definition and quantification of the DFE in the literature
There is inconsistency in the use of the term “diffuse fertilization 

effect”. Many papers (e.g. Kanniah et al., 2012; Mercado et al., 2009; 
Rap et al., 2018) define DFE as a situation where Acan increases under 
cloudy skies, compared to clear skies. For now we refer to this definition 
as DFEGPP, given that gross primary productivity (GPP; mol(CO2) m− 2 

s− 1) typically represents Acan in the carbon cycle research community 
(Chapin et al., 2006; Wohlfahrt and Gu, 2015). Other papers use DFE 
when diffuse radiation is used more efficiently by a canopy compared to 
an equal amount of direct radiation (Alton et al., 2007; Chakraborty 
et al., 2022; Shao et al., 2020; Wang et al., 2018; Zhou et al., 2021a). In 
other words, diffuse radiation has a “fertilizing” effect to the canopy’s 
light-use efficiency (LUE; mol(CO2) mol− 1(photon)), and we term this as 
DFELUE for now. In addition, in some cases it is unclear which of the two 
definitions was meant (Gui et al., 2021; Kalidindi et al., 2014; Proctor 
et al., 2018; Rap et al., 2018; Strada et al., 2015). At last, several papers 
introduce terms that are phrased slightly differently than DFE, but may 
still refer to DFEGPP or DFELUE, or have a different meaning altogether. 
Examples are the “diffuse radiation effect” (Knohl and Baldocchi, 2008), 
“diffuse light effect” (Cheng et al., 2015) and “diffuse fertilization effi-
ciency” (Zhou et al., 2021b).

Typical figures on the DFE are (Fig. 1): (a) Acan vs. above-canopy 
ratio of diffuse to total solar radiation (diffuse fraction, fdif), (b) can-
opy LUE vs. fdif, and (c) Acan vs. above-canopy total solar radiation, 
hereafter referred to as a canopy light response curve (LRC)(Gu et al., 
2002), with the data divided into groups of similar fdif. In these figures, 
Acan is generally represented by GPP or occasionally by net ecosystem 
exchange (NEE; mol(CO2) m− 2 s− 1)(e.g. Alton, 2008; Park et al., 2018; 
Zhang et al., 2011): the observed quantity from which GPP is estimated. 
Solar radiation components are often given in the photosynthetically 
active radiation (PAR) wavelength range (400–700 nm). fdif is the 
common indicator for cloudiness (Kanniah et al., 2013), but is often not 
measured together with NEE (Zhou et al., 2021b). Hence, fdif is often 
estimated or other proxies for cloudiness are used, such as the clearness 
index (e.g. Gu et al., 2002; Kanniah et al., 2013) or the relative irradi-
ance (e.g. Cirino et al., 2014; Oliveira et al., 2007). Data are recorded at 
the canopy scale, have a temporal resolution of 10–60 min, and typically 
cover entire days and growing seasons.

These figures suggest that: GPP has an optimum response to fdif, with 
a maximum at intermediate fdif (Fig. 1a), canopy LUE increases with fdif 
approximately linearly and reaches a maximum at fdif = 1 (Fig. 1b), and 
for a given PAR, a larger fdif generally causes a larger GPP (Fig. 1c). 
Despite this valuable information, a quantification of DFEGPP or DFELUE 

Fig. 1. Schematic overview of commonly used DFE visualizations: GPP vs. fdif (a), canopy LUE vs. fdif (b), and GPP vs. PAR, grouped by different fdif under cloudy and 
clear-sky conditions (c). See Table S1 for publications using these figures. Abbreviations: GPP, gross primary productivity; LUE, canopy light use efficiency; PAR, 
photosynthetically active radiation; and fdif, diffuse fraction of PAR.
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is impossible or is generally done inaccurately. For instance, DFELUE 
cannot be quantified from Fig. 1a, as PAR is not given, preventing the 
comparison of GPP at equal amounts of direct and diffuse PAR. Using 
Fig. 1b, neither DFEGPP nor DFELUE can be quantified since neither GPP 
nor PAR are given. Fig. 1a does allow to demonstrate DFEGPP, yet we 
argue that an accurate quantification of DFEGPP is impossible from 
Fig. 1a– as often shown in the literature – since the impact of cloudiness 
on GPP is not isolated. Figures such as depicted in Fig. 1 are often 
constructed from entire days to growing seasons. Hence, any pair of GPP 
data that differs in fdif will likely differ in time of day or day of year. A 
difference in GPP is then not solely caused by cloudiness, but also by site 
characteristics that vary over time. Some authors limited their study 
period to remove temporal variability in a certain site characteristic 
(Alton, 2008; Gu et al., 1999; Hemes et al., 2020; Knohl and Baldocchi, 
2008; Oliphant et al., 2011; Still et al., 2009; Williams et al., 2016; 
Zhang et al., 2024), but these are exceptions given the total number of 
observation-based DFE studies using such figures (n = 68; Table S1).

These figures have at least one of two shortcomings: a) there is no 
connection to existing definitions of the DFE, (b) the response of GPP to 
just cloudiness is not isolated. In addition to these shortcomings, no one 
DFE quantification protocol is used consistently by the community. To 
our knowledge, only Gu et al. (1999) discuss and provide a complete 
protocol to quantify the DFE systematically. Yet, their protocol has been 
applied infrequently, and if so, partially (Appendix A). The use of 
different protocols causes random variation in the sign and magnitude of 
derived DFE. We are thus in need of a systematic, feasible protocol that 
encourages to quantify the DFE accurately. In the next subsection we 
propose two guidelines that should underly any protocol to quantify the 
DFE. In addition, we discuss the consequences of those guidelines for the 
major steps in such protocol.

2.1.2. New guidelines for quantifying the DFE
Our two guiding principles for the quantification of the DFE are: 

a) The DFE is an effect, hence two situations need to be compared to 
know its sign and magnitude.

b) Those two situations should differ only in the factor that causes the 
effect. For DFEGPP, that factor is the presence of cloudiness and for 
DFELUE it is the fraction of diffuse radiation.

Guideline a) implies that a baseline needs to be defined against 
which the observation of interest can be compared. For DFEGPP, the 
baseline should be a situation without cloudiness (i.e. clear-sky). For 
DFELUE, any two situations that differ in fdif can be compared. However, 
for consistency with DFEGPP, we suggest to quantify DFELUE relative to a 
clear-sky baseline as well. In the operationalisation of guideline a), one 
must ensure that the identification of a clear-sky situation does not 
depend on anything else than the presence of cloudiness. In practice, 
threshold values for fdif or a clearness index are often used (Appendix A). 
On clear-sky days, both proxies change diurnally and the threshold used 
to determine the clear-sky baseline should account for this variation.

Guideline b) is a ceteris paribus assumption (‘all else being equal’), 
which in observational field studies is unattainable. A setup that would 
come close would be an observational study over a single surface type, at 
two locations that are sufficiently close to have identical site charac-
teristics, yet sufficiently separate to be exposed to either clear-sky or 
cloudy conditions. Such data are rare, so in practise time series from a 
single location are used. In that case, the two situations required to 
determine the effect (guideline a) will always be displaced in time, and 
as a consequence, more than just the causal factor differs. Thus, in the 
operationalisation of guideline b), one can only minimize (not elimi-
nate) temporal variation in factors other than the causal factor. The two 
time scales that dominate temporal variations in photosynthesis are the 
diurnal and seasonal cycles, whereas on top of that there will be day-to- 
day variation in weather conditions. This results in two options: (1)
using two moments directly following one another on the same day, or 

(2) using moments at the same time of day on consecutive days. Both 
options remove the seasonal variation of site characteristics. Option 1 
minimizes day-to-day variability of site characteristics, but allows some 
diurnal variability, while option 2 does the reverse. When quantifying 
DFELUE an additional issue arises: under a ceteris paribus assumption, 
GPP at two fdif levels requires equivalent PAR and time of day. In 
practice, this is rarely possible, as a given PAR is typically reached on a 
time of day that differs between clear-sky and cloudy days (Gu et al. 
1999). Therefore when quantifying DFELUE, diurnal variability in site 
characteristics can be minimized only to some extent.

2.2. Framework to clarify DFE variation

Next, we use a version of Fig. 1c (Fig. 2) to illustrate how the sign and 
magnitude of DFEGPP and DFELUE depend on cloudiness and site 
characteristics.

The starting point is the GPP of a clear-sky moment (A). To arrive at 
the GPP of a corresponding cloudy moment, changes in fdif and PAR need 
to be accounted for: increasing fdif causes a vertical increase from the 
clear-sky canopy LRC towards the overcast canopy LRC (i.e. fdif close to 
1, D) to an intermediate point (B), while the change in PAR leads to a 
step along the cloudy canopy LRC to either C1, C2 or C3. The difference 
in GPP between A and B represents DFELUE, that between A and C1-C3 
represents DFEGPP. DFELUE is generally positive, as cloudy canopy 
LRCs usually are located above clear-sky ones (although see Zhou et al., 
2021b). DFEGPP is positive if C is above A (e.g. C2 and C3). The cloudy 
moment represented by C1 causes negative DFEGPP, as the reduction in 
GPP due to smaller PAR is larger than the increase in GPP due to larger 
fdif. The cloudy moment represented by C3 caused both PAR and fdif to 
increase, which represents a situation with cloud enhancement (CE; 
Appendix A), resulting in a large increase in GPP.

Several aspects are evident from Fig. 2: (i) DFELUE (ΔGPP) depends 
both on site characteristics (the vertical shift of the LRC for a given 
change in fdif, or ΔGPP Δfdif

− 1) and on cloudiness (Δfdif), and overall 
varies with PAR, (ii) DFEGPP (ΔGPP) depends on DFELUE, site 

Fig. 2. Schematic of canopy light response curves illustrating DFELUE and 
DFEGPP (adapted from Fig. 1c). Clear-sky GPP (A) is compared to cloudy GPPs 
(C1-C3). D indicates the GPP when fdif is largest (i.e. fdif = 1), which is typical 
for overcast conditions. The horizontal line indicates when DFEGPP switches 
sign. Note that clear-sky fdif is not zero due to atmospheric molecular scattering. 
Abbreviations: GPP, gross primary productivity; PAR, photosynthetically active 
radiation (top of canopy); fdif, diffuse fraction of PAR; DFEGPP, diffuse fertil-
ization effect on GPP; and DFELUE, diffuse fertilization effect on canopy light 
use efficiency.
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characteristics (ΔGPP ΔPAR− 1) and cloudiness (ΔPAR), (iii) the larger 
DFELUE is, the larger the chance that DFEGPP is positive, (iv) cloudiness 
types that strongly increase fdif and minimally reduce PAR very likely 
cause positive DFEGPP (large jump from A to B and minimal shift from B 
towards C1), (v) site characteristics that strongly increase canopy LUE 
with increasing fdif cause large DFELUE and likely cause positive DFEGPP 
(large jump from A to B), (vi) CE very likely causes positive DFEGPP, as 
both fdif and PAR increase (jump from A to B and shift from B to C3).

DFELUE and DFEGPP appear to represent different aspects of cloudi-
ness effects on Acan. Also, there is a causal relation between the two: the 
magnitude of DFELUE influences the sign and magnitude of DFEGPP. In 
other words, DFELUE indicates a potential increase in GPP under cloud-
iness, if PAR would not change, that can be converted to actual GPP 
increase (DFEGPP) after accounting for the change in PAR. To make this 
relation explicit, hereafter we refer to DFELUE and DFEGPP as potential 
DFE (PDFE) and actual DFE (ADFE), respectively.

To understand how ADFE varies with cloudiness types and site 
characteristics, we need to know (i) how changes in fdif and PAR vary 
with cloudiness types, and (ii) how site characteristics affect canopy 
LRCs. Regarding (i), it is sufficient to know (i.e. observe) how changes in 
fdif and PAR vary across cloudiness types to study the DFE. To understand 
why fdif and PAR vary across cloudiness types requires detailed infor-
mation about cloud composition, thickness and structure, which is 
beyond the scope of this paper. For (ii), we need to identify site char-
acteristics that affect canopy LRCs and the mechanisms by which they do 
so. The position of canopy LRCs in Fig. 2 reflects how efficient the 
canopy converts PAR into GPP. That conversion takes place in three 
steps: (i) the interception of PAR photons by the canopy, (ii) the dis-
tribution of those PAR photons over the canopy leaf area, yielding PAR 
intensities at leaf surfaces, and (iii) the LUE of leaves at those respective 
PAR intensities, yielding leaf photosynthesis (and Acan, expressed by 
GPP, as the sum of all leaf photosynthesis). Site characteristics that 
maximize canopy interception of PAR and optimize the distribution of 
PAR inside the canopy with local leaf LUE, under cloudiness, will 
maximize the PDFE and the chance of causing ADFE. In Table S2 we 
provide an overview of site characteristics that have been suggested to 
affect the PDFE. We indicated per site characteristic the mechanism (i, ii 
or iii) by which it affects PDFE and the typical time scale by which it 
varies.

3. Materials and methods

To illustrate our guidelines and validate our framework, we con-
ducted analyses using an observational dataset and a canopy photo-
synthesis model. The observation-based analysis served to quantify 
ADFE across cloudiness type (RQ2), whereas the model-based analyses 
served to quantify PDFE across site characteristics (RQ3). In both ana-
lyses we applied our proposed guidelines and used our framework to link 
PDFE to ADFE.

3.1. Observations

3.1.1. Site description and instrumentation
In the spring of 2018, a field campaign was conducted at the 

Terrestrial Environmental Observatory Selhausen, which is located in 
the lower Rhine embayment in western Germany (50◦52′09’’ N, 
6◦27′01’’ E, 104.5 m altitude) in a region dominated by agriculture. The 
site is equipped with micrometeorological instrumentation in accor-
dance with ICOS class 1 standards. The field campaign provided sup-
plementary instrumentation to the site, which yielded a comprehensive 
observational dataset of soil, plant and atmospheric quantities for a test 
field on which winter wheat (Triticum aestivum L.; variety Premio) was 
sown in October 2017 (see Vilà-Guerau De Arellano et al., 2020). Here 
we summarize the aspects relevant to our analysis.

The campaign lasted from the beginning of May until the end of 
June, covering most developmental stages (booting to ripening; Zadoks 

scale 4.3 – 9.1) of winter wheat. The test field covered 9.8 ha and was 
surrounded by other croplands. The soil was classified as Orthic Luvisol 
with a silt loam texture consisting of 20 % clay, 67 % silt and 13 % sand. 
Data presented here was recorded using an eddy covariance (EC) system 
(SN1185 Irgason EC150, Campbell Scientific, Inc., Logan, Utah, USA; 
PTB101B pressure sensor, Vaisala Inc., Helsinki, Finland) located in the 
centre of the test field at 1.93 m above the ground, four PAR sensors 
(three LI-190R, Li-Cor Inc. Biosciences, Lincoln, Nebraska, USA; one 
BF5, Delta-T Devices, Cambridge, UK), of which one Li-190R faced the 
canopy and the BF5 sensor measured diffuse PAR, a pyranometer 
(CNR4, Kipp & Zonen B.V., Delft, Netherlands) yielding global radiation 
above the canopy (S↓), a ceptometer (SunScan, Delta-T Devices, Cam-
bridge, UK), and two cameras of which one faced the sky and the other 
the field.

3.1.2. Analysis strategy
For quantifying PDFE and ADFE, we limited our observational 

analysis to a two-week period (May 7–20), to limit seasonal variability 
in site characteristics while maintaining sufficient sample size for 
various sky conditions. The chosen study period was selected as it 
included (i) a sufficient sample size for the sky conditions necessary to 
quantify the PDFE and ADFE (per cloudiness type), (ii) a soil water 
content close to field capacity (based on soil texture and the classifica-
tion scheme of Saxton and Rawls (2006)), minimizing plant drought 
stress, and (iii) a developmental stage of wheat (booting stage) with high 
photosynthetic capacity, thus minimizing the signal-to-noise ratio in 
NEE. Leaf area index (LAI) increased from 4.6 to 5.5 m2 m− 2 during this 
period and remained stable afterwards. The observed increase in LAI 
may have been caused primarily by the way the ceptometer determines 
LAI: elongated stems and head emergence during the study period may 
have been falsely detected by the ceptometer as leaf area. Canopy height 
throughout the study period was approximately 0.5 m. A summary of 
micrometeorological conditions relevant to GPP is shown in Fig. S1.

3.1.3. Data processing
We represent Acan by GPP, which we derived following Tramontana 

et al. (2020): 

GPP = − NEE + Reco (1) 

where Reco is the ecosystem respiration. NEE was obtained from EC and 
fluxes were processed with the LiCor EddyPro v6.2.2 software to obtain 
10-min averages. The relatively short averaging period was necessary to 
capture GPP responses to variable weather conditions. Using 10-min 
average fluxes (rather than the conventional 30-min averages) was 
justified by the fact that measurements were done relatively close to the 
surface, so that the covariance between vertical wind speed and CO2 
concentration at timescales beyond 10 min was small (e.g. Feng et al., 
2017). Reco was predicted from nighttime NEE and air temperature 
following Reichstein et al. (2005). The temperature sensitivity param-
eter E0 was separately fitted using a linear regression protocol (MATLAB 
2020b, MathWorks Inc.). Air temperature, rather than soil temperature, 
was used in predicting Reco, as we found a higher correlation of the 
former with nighttime NEE (see Lasslop et al., 2012). We filtered data (n 
= 269) for nighttime (S↓ <20 W m− 2)(Lasslop et al., 2009), high quality 
flags following Foken et al. (2004), and absence of precipitation.

PAR was represented as the average of PAR measured by two LI- 
190R sensors. We subtracted observed canopy reflected PAR to 
remove potential variation in PAR between clear-sky and cloudy mo-
ments. fdif was calculated as the ratio of diffuse PAR to PAR as measured 
by the BF5 sensor and a third Li-190R sensor. PAR components were 
recorded at 1 Hz, but processed to 10-minute averages to match the 
temporal resolution of GPP.

3.1.4. Data analysis
In accordance with our proposed guidelines (Section 2.1.2), we 
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quantified the ADFE by comparing moments of GPP at equal time of day 
(ADFEt), and defined a clear-sky reference GPP that accounted for 
diurnal variation in fdif. Additionally to ADFEt, we quantified ADFE by 
comparing daily sums of GPP (ADFEday). ADFEt follows option 2 in 
Section 2.1.2, and ADFEday is an adapted version of option 1.

Clear-sky reference GPP for ADFEt and ADFEday were obtained as 
follows. We started by creating a clear-sky reference fdif (fdif_cs), by 
grouping fdif by time of day. Per group, we selected the minimum value. 
GPP moments at fdif < fdif_cs + 0.1 were labelled as clear-sky. The limit of 
0.1 was an arbitrary choice. We constructed a smooth composite diurnal 
cycle from clear-sky GPP groups using first a moving 30-min median 
window. Data was further smoothed with a 30-min moving average 
window to reduce statistical noise in GPP that stemmed from NEE, 
which is an artifact of the EC method. Smoothed GPP medians were 
time-integrated across daytime (β >10◦) to obtain a clear-sky reference 
GPP sum (GPPref,day). These steps were repeated to obtain clear-sky PAR 
and GPP interquartile range (IQR). Characteristics of our clear-sky 
reference diurnal cycle are shown in Fig. 3.

ADFEt was calculated as the difference between the 75th percentile 
of a clear-sky GPP group and the GPP of cloudy moment (fdif > fdif_cs +

0.1). ADFEday was calculated as the difference between GPPref,day and 
the daily GPP sum of a given day. Daytime data were filtered (n = 945) 
for high quality flags following Foken et al. (2004) and absence of 

precipitation. Data filtering caused gaps in the GPP time series, of which 
some were filled based on an estimated LUE (linear fit with fdif) in 
combination with observed PAR.

We tested the hypothesis that ADFEt occurs often under cloudiness 
types that cause large fdif at small PAR reductions, in two steps. First, we 
determined fdif and PAR for ten cloudiness types (nine cloud types and an 
aerosol class, Table S3) and compared these to combinations of fdif and 
PAR under all cloudy moments that corresponded to a GPP equivalent 
with clear-sky GPP (shaded area Fig. 3c). Second, we determine ADFEt 
frequency per cloudiness type by temporally overlaying satellite images 
with GPP. Due to their difference in temporal resolution and phase, el-
ements of both time series were artificially repeated to obtain 1-second 
resolution. Some operational aspects of these two steps are described 
below.

A change in atmospheric transmissivity (τatm) was used to charac-
terize the effect of the atmosphere on PAR, independent of time-of-day, 
date or latitude. fdif already represents that effect, since there is no 
diffuse radiation at the top of the atmosphere. We calculated τatm as the 
ratio of S↓ to its value at the top of the atmosphere (STOA

↓ ). STOA
↓ was 

estimated according to Moene and Van Dam (2014). Cloud types were 
derived from satellite images following Mol et al. (2023a) at a 15-min 
resolution, and at a 5 km radius (i.e. four satellite pixels) around the 
site. Their algorithm creates combinations of satellite-observed cloud 

Fig. 3. Clear-sky reference diurnal courses of PAR (a), fdif (b), GPP (c), air temperature (Tair; d), vapor pressure deficit (VPD; e), and ambient CO2 concentration (Ca; 
f) based on observed clear-sky conditions (fdif < fdif_cs + 0.1) within the study period. The vertical dotted bar indicates solar noon. The shaded area in panel c indicates 
the interquartile range of clear-sky GPP. Clear-sky reference Tair, VPD and Ca were not used in the observational analysis, but were used together with PAR and fdif as 
input for the canopy photosynthesis model (Section 3.2).
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top pressure (CTP) and cloud optical thickness (COT) to which cloud 
types are assigned using cloud type definitions of the International 
Satellite Cloud Climatology Project (Table S3). Limitations of the algo-
rithm are: (i) the spatial resolution of the satellite pixels (Mol et al., 
2023a), (ii) the quality of the calibration of imagery sensors (these 
calibrations are regularly tested, but on monthly averaged data, not 
hourly), (iii) the inability to distinguish multiple cloud types in case of a 
multi-layer cloud system (Mol et al., 2023b), and (iv) the assumption 
that a given cloud type only occurs within the defined range of CTP and 
COT. A notable consequence of (i) is that the COT of a patchy cloud field, 
such as occurs with Cumulus and Altocumulus, will be lower (i.e. opti-
cally thin) than the COT of individual clouds as the former is a result of 
the combination of individual clouds and the clear-sky gaps in between. 
Moments in the study period that were neither clear-sky (fdif_cs + 0.1) nor 
assigned to a cloud type were pooled together into a single class which 
we labelled “aerosol”. To realise this, we adapted the “irradiance 
weather classification” procedure in Mol et al. (2023a): (i) their 
clear-sky class definition was expanded with the restriction that fdif ≤

fdif_cs + 0.1, and (ii) a new class named “aerosol” was introduced that was 
defined similar to the clear-sky class, but with the restriction that fdif >

fdif_cs + 0.1. To prevent moments of undetected clouds to enter the 
aerosol class, we added a restriction to the variability of S↓ (Table S3). 
We labelled this weather class as “aerosol”, as the atmospheric distur-
bance behind the increased fdif likely involved excessive aerosol loads or 
indirect aerosol effects such as hygroscopic growth (Gristey et al., 2022; 
Mol et al., 2024). Typical (non-excessive) variation in aerosol load 
caused predicted fdif to vary between 0.1 and 0.2 at four high-latitude 
sites within a few hours of solar noon (Ezhova et al., 2018), which in 
our analysis would be captured in the clear-sky class. The aerosol class 
included moments that were characterized by fdif-values in the range of 
0.22–0.55 (time-of-day dependent) and low variability in S↓ even rela-
tive to clouds such as Cirrus.

Per cloudiness type, we explored how often CE caused ADFEt. We 
defined CE following Mol et al. (2023a)(Table S3), but with a 

modification since several long-lasting (> 30 min) CE events were 
detected within our aerosol class. These CE events were weak in 
amplitude, but persistent over time. To restrict CE events to primarily 
clouds, we made the description of CE stricter (see Table S3). The 
description of the variable weather class, in turn, was loosened up as 
(cloud-induced) CE would occur less frequently in our dataset. Fig. 4
shows examples of cloud and irradiance classifications.

To quantify the PDFE from observations, we constructed canopy 
LRCs from GPP, PAR and fdif. GPP was first divided into bins of PAR with 
a range of 200 µmol m− 2 s− 1. Within a given PAR-bin, GPP was divided 
based on fdif: clear-sky (fdif < fdif_cs + 0.1), cloudy (fdif > fdif_cs + 0.1 and 
fdif < fdif_cs + 0.7) and overcast (fdif > fdif_cs + 0.7). The limit of 0.7 was 
chosen such that fdif would not need to be exactly 1 in order to be 
classified as overcast.

3.2. Model

3.2.1. Model description
To quantify the influence of site characteristics on the PDFE, we used 

a one-dimensional (1D) multilayer steady-state Acan model consisting of 
two sub-models: a coupled leaf photosynthesis (A)-stomatal conduc-
tance (gs) model and a radiative transfer (RT) model.

Leaf-level coupled A-gs model. A and gs were represented by the models of 
Farquhar et al. (1980) and Leuning (1995) respectively. Both models are 
extensively described elsewhere (Damour et al., 2010; Von Caemmerer, 
2013), so we do not provide a full description here. The gs-model of 
Leuning (1995) was chosen, as it accounts for effects of A and air vapor 
pressure deficit (VPD). We used Arrhenius temperature response func-
tions to describe temperature dependence of A (Silva-Perez et al., 2017). 
The model did not explicitly account for leaf boundary layer or meso-
phyll resistance, so that CO2 diffusion into the leaf was assumed to 
depend on stomatal resistance only and A was simulated based on the 

Fig. 4. Camera snapshots at 11:00 CEST on various days within the study period. Text indicates the irradiance and cloud conditions based on the classifications of 
Mol et al. (2023a)(Table S3). Note that the camera’s inclination changed slightly after May 7, causing the view angle to be oriented closer to the surface in May 10, 16 
and 20. Abbreviations: IV, irradiance variability classification; IW, irradiance weather type classification; SC, satellite cloud type classification.
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CO2 concentration of the leaf intercellular airspace (Ci). Leaf boundary 
layer was not considered, since leaves in the field are generally well 
coupled to the atmosphere (Niinemets et al., 2009). Mesophyll resis-
tance was implicitly accounted, as photosynthetic parameter values 
were estimated from observations based on Ci, largely compensating for 
prediction errors in A due to a lack of mesophyll resistance (Knauer 
et al., 2020). Maximum carboxylation rate and maximum electron 
transport rate decreased with cumulative leaf area to mimic the vertical 
gradient of leaf nitrogen content in natural canopies (Walker et al., 
2014), a common approach in land-surface models (Bonan et al., 2011; 
Clark et al., 2011; Krinner et al., 2005). We used a wheat-specific 
gradient in leaf nitrogen content based on Hikosaka et al. (2016). For 
more details, see Appendices B and C.

Canopy RT model. Canopy RT was represented by a 1D model containing 
elements from Goudriaan (1977), Goudriaan and Van Laar (2012) and 
Goudriaan (2016)(detailed description in Appendices D and E). The 
model follows the turbid medium approach, where a canopy is treated as 
a green gas with leaves represented as infinitely small elements that 
absorb and scatter PAR and are distributed randomly in horizontal 
layers (Disney, 2016; Qin and Liang, 2000; Ross, 2012). We divided the 
canopy into 10 horizontal layers of equal leaf area, which is a typical 
number in land surface models (e.g. Clark et al., 2011). Leaves were 
assumed to scatter PAR once, allowing to describe canopy extinction of 
PAR with Lambert-Beer’s exponential law (Disney, 2016). Orientation of 
sunlit leaves was described following Campbell and Norman (1989), 
with 100 equally spaced orientations. Diffuse PAR was assumed to be 
anisotropic, arriving from 9 sky zones in varying intensity following a 
standard overcast sky (Goudriaan, 1977; Grace, 1971). Each diffuse PAR 
stream had a specific canopy extinction rate. We assumed that adaxial 
and abaxial sides of leaves did not differ in their physiology, so that total 
diffuse PAR was equal for all leaves in a given layer, regardless of their 
orientation (Campbell and Norman, 2000). We used separate reflection 
coefficients for soil and canopy, instead of the effective soil-canopy 
reflection coefficient used by Goudriaan (1977), to maintain a flexible 
model structure. Model calculations were based on the middle points of 
leaf layers, sunlit leaf angle segments and sky zones, which introduced a 
minor (<1 %) discretization error in predicted GPP and the canopy PAR 
budget.

Canopy photosynthesis model. The RT model predicted absorbed PAR for 
all leaf surfaces in the canopy. The A-gs model used absorbed PAR, leaf 
temperature, VPD, CO2 and O2 concentrations as input and predicted the 
leaf apparent photosynthetic rate (mol(CO2) m− 2(leaf) s− 1). The sum of 
predicted apparent A, scaled by respective leaf areas (m2(leaf) 
m− 2(ground)), yielded GPP (Wohlfahrt and Gu, 2015). Predicted GPP 
was an approximation of true GPP, since the model ignored apparent 
photosynthesis of other above-ground wheat organs (e.g. stems and 
ears).

Leaf temperature, CO2 concentration and VPD were set equal to 
above-canopy air temperature, CO2 concentration and VPD at 1.93 m 
height, respectively, as observed by the EC system (Fig. 3d–F). In-canopy 
observations of these quantities were too sparsely available. O2 con-
centration was set to 0.21 mol mol− 1. Above-canopy PAR components 
were represented similarly as in the observational analysis. β was pre-
dicted according to Moene and Van Dam (2014).

3.2.2. Model optimization
The Acan model was optimized against observed GPP to test the PDFE 

sensitivity of winter wheat during the study period. Optimized param-
eters (n = 5) were all part of the coupled A-gs model: maximum electron 
transport rate normalised at 25 ◦C (Jmax25), activation energy of Jmax25, 
quantum yield to electron transport, slope of stomatal sensitivity to net 
photosynthesis, and stomatal sensitivity to VPD (Table C1). Optimized 
values corresponded to lowest root mean square errors and were 

comparable to published values (Appendix F).
After optimization, observed and modelled GPP matched well (r2 =

0.9; Fig. S2). We consider the model’s performance, in terms of r2 and 
slope, acceptable for starting points (clear skies) and endpoints (cloud-
iness) of the PDFE.

3.2.3. Model analysis
Predicted PDFE per time of day (PDFEmod_t) was determined as the 

ratio between simulated clear-sky GPP and a GPP under identical clear- 
sky conditions (including PAR) except that fdif was increased by 0.7 
(referred to as “perturbed clear-sky”). We focussed on GPP ratio, and not 
absolute GPP difference, since the latter strongly scales with PAR. The 
increase of 0.7 was chosen so that clear-sky moments (fdif < fdif_cs + 0.1; 
Fig. 3b) at all times of day would experience the same perturbation. 
Since only fdif differed between the two predictions, PDFEmod_t aligned 
with the definition of PDFE. We increased fdif by a large margin to 
maximize PDFEmod_t. The clear-sky day was represented in the model by 
observed clear-sky reference conditions (Fig. 3).

We simulated how PDFEmod_t would change per site characteristic 
(hereafter referred to as “model scenario”) during a clear-sky day. Model 
scenarios (Appendix G) were chosen such as to capture the natural range 
of values across observational sites. Site characteristics included LAI, 
latitude, leaf inclination angle distribution (LIAD), canopy nitrogen 
distribution, leaf reflectance, and leaf transmittance. LAI, LIAD, leaf 
reflectance and transmittance were chosen to facilitate comparison with 
Knohl and Baldocchi (2008), which to our knowledge is the only study to 
quantify PDFE for multiple site characteristics and over a large range of 
values. Latitude was chosen due to importance of β to PDFE (Gu et al., 
1999). Canopy nitrogen distribution, albeit having previously received 
little attention, was included as it affects the distribution of photosyn-
thetic capacity in the canopy.

4. Results

In this section we report on the observation-based and model-based 
analyses. Section 4.1 illustrates how the application of our guidelines 
results in a quantification of ADFE and PDFE (RQ1). Section 4.2 quan-
tifies the ADFE across cloudiness types (RQ2). Section 4.3 quantifies the 
PDFE across site characteristics (RQ3).

4.1. Quantification of the DFE

Within the study period, two days with clouds showed a substantial 
increase in daily GPP (19 and 10 % on May 11 and 12), compared to 
clear-sky reference GPP (Fig. 5), thus an ADFEday occurred on these 
days. These two days were characterized by a 20 % reduction in PAR and 
a 0.41 increase in fdif relative to the reference day. Days with predomi-
nantly overcast conditions (May 10, 14 and 16) showed substantially 
reduced GPP. In these cases, nearly all PAR was diffuse (Fig. 5b), but the 
concomitant reduction in PAR was too extensive to result in an increased 
GPP. Some days showed similar solar radiation characteristics as May 11 
and 12 (e.g. May 18 and 19), but did not show an increase in GPP. Other 
days that showed noticeable increases in diffuse PAR and minor re-
ductions in total PAR (i.e. May 9, 17 and 20) also did not show increased 
GPP. We discuss this inconsistent pattern between solar radiation 
characteristics and daily GPP sums elsewhere (Appendix H).

Despite daily GPP being higher than GPPref,day on only two days, 
other days did contain moments (10-minute intervals) with ADFEt 
(Fig. 6), and the two days with higher daily GPP contained moments at 
which GPP was beneath clear-sky GPP. On some days, daily GPP could 
have surpassed GPPref,day (e.g. May 20; Fig. 6d), but this was thwarted 
due to large drops in PAR under clouds (Fig. 6h). Periods with CE often 
led to ADFEt (see also Section 4.2), but the additional GPP could often 
not compensate for the dramatic loss in GPP under concomitant cloud 
shadows, such as on May 16 (Fig. 6 g). Clear-sky GPP sum before solar 
noon was 9 % higher than that after solar noon (Fig. 3c), but this did not 
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make it more likely for ADFEt to occur in the afternoon. In fact, we did 
not detect any increased likelihood for ADFEt to occur at any time of day, 
possibly because the occurrence of cloudiness was not bound to specific 
times of day (not shown). Overall, ADFEt occurred during 32 % of all 
non-clear moments and was characterized by an average 11 % increase 
in GPP relative to clear-sky GPP, and by a 15 % increase when CE was 
present for at least half of the time.

Next, we quantified the PDFE. The wheat canopy responded with 
increased GPP (by 30–45 %) to an increase of fdif across observed PAR 
(Fig. 7). Thus, any increase of fdif increased canopy LUE. PDFE was 
largest at intermediate PAR in absolute terms (Fig. 7b), but at low PAR in 
relative terms (Fig. 7c). The spread in GPP at a given PAR and for a given 
fdif-bin is the result of statistical noise in NEE, variation in site charac-
teristics such as air temperature and VPD, variation in fdif within a bin, 
and, in the case of clear-sky conditions, a hysteresis effect of GPP be-
tween morning and afternoon. GPP increased with PAR under all 
weather conditions (Fig. 7a). Only under clear-sky conditions at solar 
noon, GPP showed a subtle decline, confirming previous observations (e. 
g. Mercado et al., 2009). We did not observe this decline when using 
30-minute averaged fluxes (not shown).

Positive PDFE allowed cloudiness to reduce PAR without reducing 
GPP below clear-sky GPP (Fig. 8), thus creating ADFEt. Moments of CE 
(i.e. cloudy PAR > clear-sky PAR) resulted in large ADFEt, as an increase 
in both PAR and fdif increased GPP (Fig. 7a). Especially PDFE at high 
clear-sky PAR (Fig. 7b) caused large ADFEt, when PAR under cloudy 
conditions remained high as well (e.g. Fig. 8b). Fig. 8 illustrates the 
shared role of cloudiness and site characteristics in causing ADFEt: the 
positive PDFE, facilitated by site characteristics (ΔGPP Δfdif

− 1 at a given 
PAR) and cloudiness (Δfdif), was necessary to balance loss in GPP due to 
reduced PAR under cloudiness.

4.2. Cloudiness types and ADFE

We quantified the frequency with which different cloudiness types 
caused ADFEt. At our site, clouds were detected for 62 % of daytime (β 
>10◦) with Cirrus and Altocumulus as the most frequent occurring cloud 
types (each 19 % of cloud detection time) and Stratus the least frequent 

(5 %; Table 1). Aerosol conditions occurred 12 % of daytime. After 
temporally synchronising GPP with irradiance and cloud classifications, 
several aspects became visible: (i) NEE was inherently noisy over time, 
so that even on perfectly clear days, GPP was sometimes larger and 
sometimes smaller than the IQR of clear-sky GPP (Fig. 9a), (ii) predicted 
clear-sky S↓ was nearly identical to observed clear-sky S↓ (Fig. 9a), (iii) 
CE (S↓ > modelled clear-sky S↓) occurred under most cloud types and 
exceeded predicted clear-sky S↓ up to 40 % (Fig. 9b), (iv) cloudy weather 
that was neither overcast nor variable was not assigned a weather class 
(Fig. 9b–d), and, (v) some cases where S↓ implied the presence of clouds 
were not detected by the cloud classification algorithm (Fig. 9d; 12–14 
UTC).

We determined fdif and τatm per cloudiness type (Fig. 10). Aerosol 
conditions maintained the largest τatm, followed by optically thin cloud 
types (Cirrus, Altocumulus, Cumulus), intermediately thick cloud types 
(Cirrostratus, Altostratus, Stratocumulus) and thick cloud types 
(Cumulonimbus, Nimbostratus, Stratus). Optically thick clouds had 
variability in τatm comparable to that of aerosol conditions, which was 
far lower than that of optically thinner clouds. Aerosol conditions 
marginally increased fdif (fdif = 0.35) relative to clear-sky conditions (fdif 
< fdif_cs + 0.1) while barely reducing PAR. fdif progressively increased 
with cloud optical thickness and approached 1 under intermediately 
thick clouds. Variability in fdif was generally low, except under optically 
thin clouds.

To investigate ADFEt occurrence per cloudiness type, we selected 
combinations of fdif and τatm for cloudy moments (fdif > fdif_cs + 0.1) 
where GPP fell within the IQR of clear-sky GPP (Fig. 10; yellow line). On 
average, aerosol conditions and thin clouds caused combinations of fdif 
and τatm that would be sufficient to reach clear-sky GPP rates. This was 
also true for intermediately thick clouds, perhaps with the exception of 
Altostratus. Optically thick clouds caused combinations of fdif and τatm 
that seemed unlikely to result in a GPP equal to clear-sky GPP, let alone 
causing ADFEt.

Finally, we determined how often ADFEt occurred under different 
cloudiness types (Fig. 10; inset): this was most often under aerosol 
conditions (55 % of the time that weather was classified as “aerosol”), 
followed by optically thin clouds (27–53 %) and never under optically 

Fig. 5. Daily sums of GPP (a), direct PAR (b; light blue) and diffuse PAR (b; red). Numbers in (b) indicate the fraction of diffuse PAR (fdif). Dashed horizontal lines 
indicate GPP (a) and PAR (b), for the reference clear-sky day. Abbreviations: GPP, gross primary productivity; PAR, photosynthetically active radiation (top 
of canopy).
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thick clouds. Unexpectedly, clouds of intermediate optical thickness 
caused ADFEt much less often (14–19 %) than optically thin clouds, 
while both cloud classes showed fdif and τatm near those of clear-sky GPP 
equivalent. Overcast weather virtually always (>99 % of the time) 
reduced GPP, whereas under variable weather conditions GPP was 
reduced as often as increased compared to clear-sky GPP (not shown). 
ADFEt amplitude was largest under Cumulus (17 %) and smallest under 
Altocumulus (4 %; Table 1), although differences across cloudiness types 
were small compared to absolute GPP rates. More statistics per cloudi-
ness type can be found in Table 1.

CE was present during 26 % of ADFEt periods: this was the case most 
often under Cumulus clouds and least under aerosol conditions, as re-
flected by variabilities in fdif and τatm for these cloudiness types (Fig. 10). 
CE amplitudes were largest for Cumulus and Altostratus clouds, which 
likely caused CE to co-occur with ADFEt under these cloud types. 
Overall, we saw the fraction of time CE occurred increase from periods 
of GPP loss to periods of ADFEt (0.07 to 0.34; Fig. S3). However, espe-
cially the fraction of time shadow occurred reduced across the GPP 
classes (0.79 to 0.15) and was replaced by sunshine and CE.

4.3. Site characteristics and PDFE

Using the Acan model, we explored how site characteristics influ-
enced the PDFE. The PDFE was positive irrespective of time of day or 
model scenario (Fig. 11; with the exception of the LAI = 1 scenario at 

dawn and dusk). The PDFE was larger in the morning than in the af-
ternoon at equal PAR, as in the afternoon modelled GPP for the clear-sky 
and clear-sky perturbed simulations were higher than in the morning 
(Section 3.2.3). At dawn and dusk, PDFE decreased in all model sce-
narios due to increasing clear-sky fdif (Fig. 3b). The PDFE changed 
mostly with LAI (Fig. 11a), canopy nitrogen distribution (Fig. 11c), LIAD 
(Fig. 11d), and leaf transmittance (Fig. 11f), and less so with latitude 
(Fig. 11b) and leaf reflectance (Fig. 11e).

The PDFE increased with LAI at any time of day. This increase was 
largest around dusk and dawn, and smallest at solar noon. The PDFE 
changed little with canopy nitrogen distribution at solar noon, but 
substantially at dawn and dusk. The PDFE varied differently with LIADs 
depending on time of day. Using a horizontal LIAD, the PDFE was low at 
dawn and dusk, and highest at solar noon. An opposite relation between 
PDFE and time of day occurred using a vertical LIAD, although the 
variation was less strong. PDFE variation in the spherical LIAD scenario 
was a balance of the PDFE variations in the horizontal and vertical LIAD 
scenarios. PDFE in the conical LIAD scenarios at 15◦ and 75◦ mimicked 
closely the PDFE in the horizontal and vertical LIAD scenarios, 
respectively.

5. Discussion

We addressed the current inability to explain variation in DFE 
occurrence across observational sites, hypothesizing that this inability is 

Fig. 6. Diurnal time courses of 10-minute GPP (a-d) and PAR (e-h), including the clear-sky reference day (dotted) and multiple days with cloudiness (solid) within 
the study period. Panels b and f show data of a day that showed ADFE in its daily GPP sum. Abbreviations: GPP, gross primary productivity; PAR, photosynthetically 
active radiation (top of canopy).
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related to: (i) inconsistency in the definition and quantification of the 
DFE, (ii) the unexplored relation between DFE and cloudiness type, and 
(iii) insufficient knowledge on how various site characteristics affect 
DFE. For (i), we analysed how the literature defines and quantifies the 
DFE, and then developed and applied new guidelines for quantifying 
DFE from observations. For (ii) we analysed simultaneous observations 
of GPP, solar radiation and cloudiness types. For (iii) we tested the 
sensitivity of the DFE to various site characteristics using a canopy 
photosynthesis model. We found that visualisations of the DFE in the 
literature did not connect to existing definitions of the DFE or did not 
quantify the DFE with its causal factor sufficiently isolated. Further-
more, we found that DFE varies with both cloudiness type and site 
characteristics, thus characterizing two important and understudied 
sources of DFE variation.

In Section 5.1 we discuss the application of our guidelines to 
observational datasets (RQ1). In Section 5.2 we discuss variation in 
ADFE across cloudiness types (RQ2). In Section 5.3, we discuss variation 
in PDFE across site characteristics (RQ3).

5.1. Quantification of the DFE

The guidelines for quantifying the DFE focus on isolating the 
response of GPP to cloudiness (ADFE) or to fdif (PDFE). Below we discuss 
four key challenges in applying these guidelines across different sites 
and conditions.

The first challenge is how one classifies a situation as being clear-sky. 
The perfect clear-sky would be an atmosphere without aerosols or 
clouds. Since there are always some aerosols present, such criterion 
would yield zero sample size from observations. Then it must be decided 
what aerosol concentration is still acceptable to label a situation as clear- 
sky. We used the minimum observed fdif for each time of day, plus 0.1, as 
definition for a clear-sky. The use of a variable (with time-of-day) fdif- 
threshold instead of the common fixed fdif-threshold is an important 
improvement (Appendix A). The addition of 0.1 above the observed 
minimum is an arbitrary choice, which at our site yielded sufficient 

sample size and ensured that for instance hygroscopic aerosols events 
were separated from ‘true’ clear-sky moments. Ezhova et al. (2018)
found that typical variation in aerosol load caused fdif to vary between 
0.1 and 0.2 at four high-latitude sites. If this result applies more widely, 
the addition of 0.1 at our site would have separated typical aerosol loads 
from more excessive aerosol loads as well. Yet, other sites may have 
different background aerosol loads, which may force to adjust the 
clear-sky demarcation in fdif somewhat.

The next challenge is to define the pair of observations used to 
quantify the effect of cloudiness on GPP. In this study, we quantified 
ADFEt by comparing clear-sky and cloudy GPP at equal time-of-day 
across days within the study period (option 2 in Section 2.1.2). The 
alternative, comparing two moments on a given day following one 
another in time (option 1), yielded very few data pairs. The largest issue 
was that fdif rarely met the clear-sky criterion on days with cloudiness. 
One reason may be the scattering of direct radiation by clouds onto the 
land surface, causing fdif to increase even when clouds did not directly 
block the sun relative to the PAR sensor. For quantifying ADFEt, option 1 
has the benefit that it removes day-to-day variation in weather condi-
tions more neatly, but it may not yield a sufficient sample size to be 
applied systematically across observational sites. To our knowledge, 
option 1 has not been applied previously except by comparing daily 
sums of GPP between consecutive days (Alton, 2008; Han et al., 2019; 
Hollinger et al., 1994), as was done in this study (Fig. 5).

Third, there is the challenge to find the right length of the dataset to 
be analysed. The analysis period must balance minimizing the temporal 
variability in site characteristics against capturing sufficient variation in 
clear and cloudy conditions. In our case, the study period of two weeks 
allowed us to quantify ADFE based on observations from multiple days, 
at constant time-of-day (solar elevation) and to capture sufficient vari-
ation in cloud types. An even shorter study period could have been 
preferable in our case, since crops have a relatively fast phenology. 
However, to capture the variation of ADFE over cloud types, we did need 
the full two-week period. Another aspect, in particular relevant for the 
determination of the PDFE, is that we could use 10-min averaged fluxes 

Fig. 7. Observed canopy LRCs and derived PDFE using observations from the entire study period. LRCs under clear-sky, cloudy, and overcast conditions (a). Dif-
ferences in GPP (i.e. PDFE) between the overcast and clear-sky canopy LRCs (solid) and cloudy and clear-sky canopy LRCs (dotted) in absolute and relative units (b 
and c, respectively). Lines in (a) show medians of GPP, shaded areas indicate IQR (IQR of cloudy canopy LRC omitted for better visibility); clear-sky data match those 
in Fig. 3c. Panel a is an adaptation from Vilà-Guerau De Arellano et al. (2020; their Fig. 10a). Clear-sky, cloudy, and overcast conditions were selected through fdif: 
clear-sky (fdif < fdif_cs + 0.1), cloudy (fdif > fdif_cs + 0.1–0.7) and overcast (fdif > fdif_cs + 0.7). Abbreviations: GPP, gross primary productivity; PAR, photosynthetically 
active radiation (top of canopy); PDFE, potential diffuse fertilization effect.
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Fig. 8. Actual diffuse fertilization in relation to the potential diffuse fertilization effect during selected days. Open circles show 10-minute average observations, 
closed circles show observation-derived clear-sky conditions (see Fig. 3c). To indicate the relation between a given observation and its clear-sky counterpart, the open 
and closed circles that refer to the same time-of-day are connected by a line. Whenever an open circle is above the connected closed circle, ADFE is positive. 
Occurrence of ADFE relies on canopy LRCs for clear and cloudy conditions (clear sky: dashed green line, overcast: solid green line). Note that the selected days 
include mostly cloudy moments of various fdif, but also some clear-sky moments (i.e. fdif < fdif_cs + 0.1). Abbreviations: GPP, gross primary productivity; PAR, 
photosynthetically active radiation (top of canopy).

Table 1 
Overview of key traits per weather class and cloud type (from left to right): occurrence frequency (ftime), atmospheric transmissivity (τatm), diffuse fraction (fdif), 
fraction of time an ADFE occurred (fADFE), fraction of time cloud enhancement (CE) occurred (fCE), fraction of ADFE time that CE occurred (fADFE_CE), amplitude of 
ADFE (ADFEamp), and amplitude of CE (CEamp). Occurrence frequencies for weather classes and for cloud types each add up to 1, and are expressed as fraction of total 
daytime (β >10◦) and total cloud detection time, respectively. CEamp was calculated as the ratio of observed S↓ to clear-sky S↓ under CE. Thick clouds did not always 
correspond to overcast weather given the 60-minute time window restriction of the latter. All values represent medians of data. Abbreviations: ADFE, actual diffuse 
fertilization effect.

Weather class ftime (-) τatm (-) fdif (-) fADFE (-) fCE (-) fADFE_CE (-) ADFEamp (-) CEamp (-)

Clear-sky 0.20 0.75 0.19 0 0 0 – –
Variable 0.16 0.65 0.59 0.36 0.38 0.48 1.11 1.14
Overcast 0.19 0.17 1 0 0 0 – –
No class assigned 0.33 0.49 0.74 0.32 0.14 0.28 1.10 1.12
Aerosol 0.12 0.72 0.35 0.55 0.06 0.07 1.11 1.05
Cloud type ​ ​ ​ ​ ​ ​ ​ ​
Altocumulus 0.08 0.65 0.58 0.27 0.20 0.31 1.04 1.08
Cirrus 0.19 0.66 0.58 0.53 0.17 0.30 1.10 1.13
Cumulus 0.11 0.50 0.87 0.42 0.28 0.47 1.17 1.19
Cirrostratus 0.10 0.39 0.98 0.14 0.01 0.12 1.10 1.09
Altostratus 0.07 0.34 0.97 0.17 0.11 0.38 1.08 1.25
Stratocumulus 0.19 0.39 0.99 0.19 0.10 0.32 1.10 1.16
Nimbostratus 0.07 0.23 1 0 0 0 – –
Cumulonimbus 0.14 0.13 1 0 0 0 – –
Stratus 0.05 0.14 1 0 0 0 – –
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of NEE instead of 30-min averages. As a result, the 10-min intervals often 
had a distinctive cloudy or clear-sky signature, and the sample size to 
construct the canopy LRCs was sufficient for robust statistics over the 
whole range of PAR. However, the use of 10-min averaged NEE fluxes at 
forested sites may not be justified given the larger height of the EC 
system (and related longer time scales). Yet, sample size at forested sites 
may be increased by selecting a longer study period, which would be 
justified to some extent given the typically slower phenology of forests 
as compared to crops.

Finally, a challenge in quantifying of the PDFE from observations in 
the summer is the strong asymmetry between morning and afternoon air 
temperature and VPD during clear-sky days. This asymmetry is thought 
to cause the observed asymmetry in GPP between morning and after-
noon on those days, with the controlling mechanism being the closure of 
stomata in response to afternoon warming and drying of the atmo-
spheric boundary layer (Lin et al., 2019; Pettigrew et al., 1990; Urban 
et al., 2012; Zhou et al., 2014). The median clear-sky GPP at a given PAR 
could be affected by this asymmetry, such that quantifying the PDFE 
separately for morning and afternoon should be considered. The im-
mediate complication would be the halved sample sizes of the clear-sky 
and cloudy GPP pools, which leads back to the discussion of the third 
challenge. Our study period included moderate values for maximum 
clear-sky air temperature (25 ◦C) and VPD (2.2 kPa), with clear-sky GPP 
being 6–22 % lower in the afternoon than in the morning depending on 
PAR. The asymmetry in overcast GPP was smaller (1–15 %), and was 

more determined by day-to-day variation in GPP rather than by morning 
vs. afternoon effects, as our study period lacked a full overcast day. Thus, 
the exact influence of air temperature and VPD asymmetry on PDFE is 
uncertain for our study period, but may have been in the order of 10 %. 
In the modelled PDFE we circumvented this issue as it was determined as 
a function of time of day. For the same reason, there is no consequence 
regarding the quantification of the ADFE. Yet, ADFE on hot, dry days 
may more strongly depend on secondary cloud effects (i.e. changes in air 
temperature and VPD through changes in solar radiation) than on 
changes in total PAR and fdif itself. Furthermore, the high ADFE occur-
rence under thin clouds as compared to thicker clouds that was found in 
our study period may reduce on such days, as air temperature and VPD 
remain high under thin clouds relative to thicker clouds.

Our dataset included both total PAR and diffuse PAR, allowing us to 
properly analyse PDFE and ADFE. To reduce uncertainty in the quanti-
fication of PDFE and ADFE, we strongly advise to use observations of fdif 
and PAR (rather than global radiation). PAR is regularly estimated by 
applying a literature-based ratio of PAR to global radiation to observed 
global radiation. However, this ratio is not constant (Akitsu et al., 2015), 
and can introduce relative errors in estimated PAR up to 15 % (Akitsu 
et al., 2022). In addition, international EC data portals such as the Eu-
ropean Integrated Carbon Observation System (Franz et al., 2018) or the 
global FluxNet2015 dataset (Pastorello et al., 2020) should aim to 
observe fdif and PAR systematically. Unfortunately, currently less than 
20 % of FLUXNET sites measure diffuse radiation (Zhou et al., 2021b).

Fig. 9. Diurnal variation in global radiation (S↓) and conditions related to GPP, irradiance, weather and cloud type for four example days. Cloud type abbreviations: 
Cu, cumulus; Sc, Stratocumulus; St, Stratus (in cyan); Ac, Altocumulus; As, Altostratus; Ns, Nimbostratus (in red); Ci, cirrus; Cs, Cirrostratus; Cn, Cumulonimbus (in 
green). Abbreviations: IQR, interquartile range. Abbreviations: GPP, gross primary productivity.
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5.2. ADFE and cloudiness types

Numerous studies report that peak GPP is reached under interme-
diate fdif (see references under GPP-fdif in Table S1). Although ADFEt 
cannot be quantified from published GPP-fdif relationships (Section 
2.1.1), peak GPP at intermediate fdif (Fig. 1a) implies the presence of 
ADFEt. Intermediate fdif would correspond to cloudiness with a cloud 
optical thickness (COT) <7 (Cheng et al., 2016; Pedruzo-Bagazgoitia 
et al., 2017), which in this study corresponds to aerosol conditions, thin 
clouds (COT <3.55) or intermediately thick clouds (COT 3.55–22.63). 
Most ADFEt at our site is caused under intermediate fdif and low COT 
(aerosol, Cirrus, Altocumulus, Cumulus), confirming earlier results. 
However, clouds of intermediate thickness, despite average fdif being 
close to 1 and average COT >7 (not shown), caused ADFEt often as well.

In fact, based on their fdif and τatm (Fig. 10), clouds of intermediate 
thickness were expected to cause ADFEt as often as aerosol conditions or 
thin clouds, but this was not the case. We attempted to explain this using 
our canopy photosynthesis model: GPP increased with increasing fdif at 
any PAR, but the magnitude of that increase became smaller with 
increasing fdif (Fig. S4). In accordance with Lee et al. (2018), the cause 
for that is twofold: (i) shaded leaf area receives more PAR with 
increasing fdif, but the additional GPP diminishes with increasing fdif due 
to the curvilinearity of the leaf LRC, and (ii) sunlit leaf area receives less 
PAR with increasing fdif, and the resulting loss in GPP becomes larger 
with increasing fdif again due to the curvilinearity of the leaf LRC. Thus, 
a redistribution of PAR across the canopy leaf area following an increase 
in fdif is most beneficial to GPP at low fdif. Therefore, the PDFE under 
intermediately thick clouds is not much larger than under thin clouds, 
despite a large difference in fdif. If PAR reduces proportionally with 
increasing fdif, aerosol conditions and thin clouds clearly benefit GPP 
more than intermediate thick clouds do.

By combining satellite-based cloud classification with GPP, we 
related specific cloud types to ADFEt (Figs. 9 and 10; Table 1). We found 
contrasting results in solar radiation properties and ADFEt across thin 

clouds, which may be explained by their appearance. Cumulus and 
Altocumulus clouds appear as cloud fields with gaps of clear-sky, 
causing a bimodal distribution in solar radiation including frequent 
transitions between shadow and CE (Gristey et al., 2020; Mol et al., 
2024; Schmidt et al., 2009, 2007; Tijhuis et al., 2023). In line with that, 
we observed high variability in fdif and τatm under these cloud types. 
Additionally, Cumulus and Altocumulus clouds often caused CE and 
therefore corresponded often to variable weather and CE-induced 
ADFEt. Cirrus, on the other hand, typically appears as a thin veil with 
a much larger horizontal than vertical dimension and causes weak, 
long-lasting CEs and shadows with low variability in solar radiation 
(Dowling and Radke, 1990; Kärcher, 2017; Mecikalski et al., 2013; Mol 
et al., 2023b). Cirrus clouds at our site indeed caused low variability in 
S↓ and corresponded infrequently to variable weather. Yet, CE was 
regularly present under Cirrus clouds. Additionally, we observed a 
variability in τatm and fdif under Cirrus clouds comparable to that of 
Cumulus and Altocumulus. The reason for these deviating observations 
may be that high-altitude Cirrus clouds often co-occur with low-altitude 
Cumulus and Altocumulus clouds (Chang and Li, 2005; Mecikalski et al., 
2013; Min et al., 2011). Since the cloud classification algorithm makes 
use of cloud top height, it may label a case as Cirrus clouds while 
Cumulus and Altocumulus clouds are also present (Mol et al., 2023b). 
Low-altitude clouds may be underrepresented at our site and the 
observed τatm and fdif under Cirrus clouds may be biased. Biases may 
exist for Cumulus, Altocumulus, Altostratus and Cirrostratus, as these 
clouds tend to coexist as well (Li et al., 2015). Through visual inspection 
of our webcam footage, we detected regular cases of multi-layer cloud 
systems (Fig. S5). Globally, these occur 10–50 % of the time (Li et al., 
2015), thus posing a complication to the satellite-based cloud classifi-
cation algorithm here.

The varying occurrence of ADFEt across clouds of different COT as 
well as cloud types of equal COT implies that cloud types should be 
distinguished in global climate models. τatm and fdif need to be accurately 
represented under various cloudiness conditions, since their combina-
tion is essential to GPP. Currently, only 6 out of 20 global vegetation 
models distinguish incoming solar radiation into its direct and diffuse 
components (Friedlingstein et al., 2023; their Table S1), causing the 
predicted global land sink of CO2 to disregard an essential determinant 
of GPP. Variability in τatm and fdif, including aspects like CE, is necessary 
for accurate prediction of GPP as well, since time-averaged values of 
solar radiation components lead to systematic GPP overestimation given 
the variable slope of the leaf LRC (Naumburg and Ellsworth, 2002). 
Aside from clouds, aerosol conditions may need to be distinguished into 
types as well in global climate models as different aerosol types can 
change τatm and fdif differently (Durand et al., 2021; Li et al., 2025), and 
may affect ADFE differently (Harenda et al., 2022).

Given the large variability in surface solar radiation components 
under Cumulus and Altocumulus clouds (and to some extent under 
Altostratus and Stratocumulus), these cloud types may be the most 
relevant to photosynthesis under dynamically changing PAR (Burgess 
et al., 2023; Kaiser et al., 2018; Long et al., 2022; Slattery et al., 2018). 
Time-integrated GPP of crops may be lowered, potentially reducing crop 
yields, under fluctuating solar radiation that causes Acan to respond 
slowly (Deans et al., 2019; Kaiser et al., 2017; Long et al., 2022). Genetic 
manipulation or breeding of crops to respond to such fluctuations may 
enhance crop yields most strongly where these cloud types are abun-
dant, although a more thorough analysis is needed on the temporal 
characteristics of PAR under these clouds in relation to the temporal 
characteristics of processes controlling Acan.

5.3. PDFE and site characteristics

Our model predicted the PDFE to be positive at all times of day across 
model scenarios. This was owed to the assumption that diffuse PAR 
spreads equally over the leaf area in a given canopy layer, whereas direct 
PAR illuminates only a fraction of that leaf area. That assumption leans 

Fig. 10. Relationship between atmospheric transmissivity (τatm) and diffuse 
fraction of PAR (fdif) under different cloudiness types. The yellow line repre-
sents cloudy moments (fdif > fdif_cs + 0.1), of any cloudiness type, for which GPP 
fell within the IQR of clear-sky GPP. Symbols show medians ± IQRs. Inset: 
Fraction of occurrence of GPP classes (ADFE, clear-sky GPP IQR and loss GPP) 
across cloudiness types. Here, the observed GPP time series was cut up thrice: 
(i) GPP of cloudy moments (fdif > fdif_cs + 0.1) were selected, (ii) GPP of cloudy 
moments were divided among cloudiness types, (iii) GPP of cloudy moments 
per cloudiness type were divided into the above-mentioned GPP classes. The 
occurrence frequency of cloudiness types can be found in Table 1. Abbrevia-
tions: GPP, gross primary production; IQR, interquartile range; ADFE, actual 
diffuse fertilization effect; Ac, altocumulus; Ci, cirrus; Cu, cumulus; Cs, cirro-
stratus; As, altostratus; Sc, stratocumulus; Ns, nimbostratus; Cn, cumulonimbus; 
St, stratus.
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on the principle that, contrary to 1D direct radiation, diffuse radiation is 
three-dimensional and therefore may illuminate each leaf at a given 
canopy depth with equal ease. The theory has been put forward that the 
DFE emerges from differences in mean profiles of direct and diffuse 
radiation (Urban et al., 2006, 2012; Zhao et al., 2023). Our model sce-
narios contradict that theory since a positive PDFE primarily emerged 
from a change in radiation distribution among leaves within a canopy 
layer, not from a change in mean radiation profiles. This result agrees 
with Williams et al. (2014), who did not observe a change in mean ra-
diation profiles under varying fdif but a change in radiation distribution 
horizontally across leaves.

Furthermore, in all model scenarios, the PDFE decreased at dawn and 
dusk primarily due to the increasing clear-sky fdif (see Fig. 3b). The 
decreasing PDFE at increasing fdif is not obvious since fdif in the per-
turbed clear-sky simulation is always 0.7 above the default clear-sky 
simulation. Yet, we found that the benefit of an increase in fdif to GPP, 
at any given PAR, decreases at higher fdif (see Section 5.2). The PDFE 
decreased at dawn and dusk as well due to a decreasing PAR (Fig. 3b), 
which caused the LUE of saturated sunlit leaves under direct PAR to 
increase faster than the LUE of less-saturated leaves under diffuse PAR. 
However, the magnitude (and sign) of this effect depends on LIAD. 
Variation in PDFE across time of day per site characteristic are further 
discussed in Appendix I.

Our model results indicate that the PDFE is more sensitive to LAI, 
canopy nitrogen distribution, LIAD and leaf transmittance than to lati-
tude or leaf reflectance. Since the PDFE can be quantified from obser-
vations with limited accuracy (see Section 2.1.2), and observing the 
isolated response of PDFE to a given site characteristic is impossible, 
more modelling studies are needed for comparison to our results. Knohl 
and Baldocchi (2008) simulated that diurnally averaged PDFE was more 
sensitive to leaf transmission than to leaf reflection or leaf orientation, 
although using diurnally averaged PDFE may confound comparison 
between site characteristics (see Appendix I). At our site, ADFEt may 
have been facilitated most by LAI and LIAD, given their specifics (5 m2 

m− 2 and “spherical”) would have increased the PDFE relative to other 
sites (Fig. 11a,d). Leaf transmittance was not observed here, so we are 
not able to discuss its effect on ADFEt. Canopy nitrogen distribution of 
the canopy at our site was average compared to the natural range 
(Fig. 11c), so it may not have facilitated ADFEt more than it would at 
other sites.

6. Conclusions

We addressed the inability to explain variation in DFE occurrence 
across observational sites. We hypothesized that this inability is related 
to: (i) inconsistency in the definition and quantification of the DFE, (ii) 

Fig. 11. Modelled diurnal time courses (β >10◦) of the potential diffuse fertilization effect (PDFE) under different conditions in site characteristics: leaf area index 
(a), latitude expressed by β at solar noon (b), canopy nitrogen distribution expressed by the leaf nitrogen distribution coefficient (c), leaf inclination angle distribution 
(d), leaf reflectance (e), and leaf transmittance (f). Vertical dotted bars indicate solar noon. Asterisks indicate values representative for our site (i.e. default scenario), 
thus yielding equal diurnal PDFE. Small hiccups around 14:00 UTC were caused by systematic hiccups in measured clear-sky diffuse PAR (see Fig. 3b). Daytime 
varied for latitude scenarios as β was variable. Abbreviations: LAI, leaf area index.
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the unexplored relation between DFE and cloudiness type, and (iii) 
insufficient knowledge on how site characteristics affect DFE. These 
hypotheses corresponded to three research questions (RQ1, RQ2 and 
RQ3), respectively.

For RQ1 we showed that: (a) different DFE definitions exist, (b) the 
DFE is quantified such that a connection to existing definitions is not 
possible or that the causal factor of the DFE is not isolated, (c) there is no 
systematic protocol used to quantify DFE. In response to (b) and (c), we 
proposed two guidelines that can be applied systematically across 
studies and aim to isolate the causal factor of the DFE. For (a), we 
illustrated the relation between DFE definitions in a theoretical frame-
work, which automatically served to qualitatively determine how the 
DFE varies with cloudiness types (RQ2) and site characteristics (RQ3). 
For RQ2 we applied our guidelines and framework to an observational 
dataset covering simultaneous observations of canopy photosynthesis, 
solar radiation, cloudiness types and site characteristics. We showed that 
the trade-off between diffuse radiation and total solar radiation varied 
under different cloudiness types, which likely explained the observed 
variation in DFE with cloudiness type. To our knowledge, we are the first 
to report observed DFE variation with cloudiness types. For RQ3, using 
an observation-driven canopy photosynthesis model, we showed varia-
tion in the DFE magnitude with site characteristics and time of day. The 
DFE magnitude was more sensitive to leaf area index, canopy nitrogen 
distribution, leaf orientation and leaf transmittance than to latitude or 
leaf reflectance. At our site, a high leaf area index and a spherical leaf 
orientation likely contributed most to DFE occurrences.

Our study emphasizes the importance of quantifying the DFE sys-
tematically and accurately across observational sites. Additionally, 
documentation of cloudiness climatology and site characteristics is 
needed to explain the full variation in DFE occurrence across sites.

Abbreviation list

ADFE: actual DFE.
ADFEday: actual DFE based on a comparison of two daily GPP sums 

(µmol(CO2) m− 2day− 1).
ADFEt: actual DFE based on a comparison of two moments of equal 

time of day (µmol(CO2) m− 2s− 1).
CE: cloud enhancement.
DFE: diffuse fertilization effect.
DFEGPP: diffuse fertilization effect on GPP.
DFELUE: diffuse fertilization effect on canopy LUE.
EC: eddy covariance.
GPP: gross primary productivity (µmol(CO2) m− 2s− 1).
GPPref,day: clear-sky reference daily GPP sum (mol(CO2) m− 2day− 1).
IQR: interquartile range.
LAI: leaf area index (m2(leaf) m− 2(ground)).
LIAD: leaf inclination angle distribution.
LUE: light use efficiency of the canopy.
LRC: light response curve.
NEE: net ecosystem exchange (µmol(CO2) m− 2s− 1).
PAR: photosynthetic active radiation at the top of the canopy (µmol 

(photon) m− 2s− 1).
PDFE: potential DFE (µmol(CO2) m− 2s− 1).
RT: radiative transfer.
S↓: global radiation at the top of the canopy (W m− 2).
STOA

↓ : global radiation at the top of the atmosphere (W m− 2).
VPD: vapor pressure deficit (Pa).
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