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A B S T R A C T   

Accurately quantifying ecosystem respiration (ER) is crucial for understanding the feedback between the 
terrestrial carbon (C) cycle and climate change. However, the current estimation of ER by partitioning net 
ecosystem exchange (NEE) meets a great challenge due to the response difference of daytime and nighttime 
respiration to temperature and the effects of air humidity. In this study, we modified daytime flux partitioning 
methods to estimate ER by integrating the different daytime and nighttime temperature sensitivities of ER (E0, day 
and E0, night, referred to as DT-E0) and then relative humidity (DT-RH) based on eddy covariance and isotopic 
data at three sites. Our results showed that diurnal and seasonal patterns of daytime ER derived from DT-E0 and 
DT-RH agreed well with isotopic data, but were considerably different from previous widely used methods (e.g., 
nighttime (NT) and daytime (DT) methods). The daily mean ER with DT-E0 was 6%~18% less than those with NT 
and DT, suggesting that the difference between E0, night and E0, day greatly affects ER estimates. By adding RH, the 
difference in mean ER estimated by DT-RH and DT-E0 was largest in the dry period at CN-Qia, suggesting that the 
change in RH at dawn and dusk may significantly influence ER and E0 in the water-limited season. In addition, 
the magnitude of inhibition by light in the daytime ER from DT was less than that from DT-RH, especially in 
forest ecosystems, indicating the previous underestimation of light inhibition for ER. Our study highlights the 
crucial importance of diurnal variations in E0 and RH in accurately estimating ER, which may need to be 
incorporated into regional and global models to improve the assessment of global C budgets.   

1. Introduction 

Ecosystem respiration (ER) plays an important role in quantifying 
the global C balance of terrestrial ecosystems since the accuracy of ER 
estimates significantly affects gross primary production (GPP) as a 
subtraction of ER and net ecosystem exchange (NEE) (Juszczak et al., 
2012). It has been demonstrated that annual ER is appropriately ten 
times as large as that from the emissions of fossil fuel burning (Fried-
lingstein et al., 2020). A small change in ER will exacerbate or mitigate 
the accumulation of this greenhouse gas in the atmosphere (Le Quéré 
et al., 2018; Reichstein et al., 2005), with feedbacks to future climate 
change. Despite its importance, ER is still difficult to quantify 
(Jägermeyr et al., 2014) and remains largely uncertain in the global C 

cycle (Migliavacca et al., 2011). For example, Keenan et al. (2019) found 
that the current estimation of ER may be biased by up to 25%. To 
overcome these limitations, there is an urgent need to probe the un-
derlying mechanisms and develop new approaches to accurately esti-
mate ER. 

At the ecosystem scale, the eddy-covariance technique is widely used 
to quantify the C fluxes between ecosystems and the atmosphere with a 
high temporal frequency (Baldocchi et al., 2001). Nevertheless, this 
technique can only directly measure ER at night, whereas the daytime 
ER is estimated from the measurement of NEE by partitioning the NEE 
into GPP and ER. These partitioning approaches include empirical 
regression models (Lasslop et al., 2010), ecosystem process models 
(Sacks et al., 2007), and machine learning methods (Beer et al., 2010). 
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Among these approaches, empirical models of nonlinear regressions 
were the most widely used at more than 1000 sites globally (Chu et al., 
2017). 

Empirical models adopt two strategies to partition NEE measure-
ments into GPP and ER: the nighttime method (NT) and daytime method 
(DT). The nighttime method uses nighttime ER data to estimate the 
reference respiration (Rref) and the temperature sensitivity (E0; Reich-
stein et al., 2005) and then calculate daytime ER, whereas the daytime 
method applies nighttime NEE measurements to parameterize E0 and 
daytime NEE to Rref (Lasslop et al., 2010). In these two methods, the 
daytime ER is assumed to follow the same relationship with temperature 
as the nighttime ER, which is directly observed as the nighttime NEE. 
Such a simple assumption is questioned by recent isotopic evidence that 
the daytime ER is overestimated by empirical models, which might be 
primarily derived from inhibited leaf respiration by light, a process 
confirmed at the leaf (Gong et al., 2015), stand (Gong et al., 2017), and 
ecosystem scales (Chen et al., 2019; Oikawa et al., 2017; Wehr et al., 
2016). Recently, Keenan et al. (2019) differentiated Rref between day-
time (Rref, day) and nighttime (Rref, night) and found that the light inhi-
bition of daytime ER during the growing season ranged from 5.1% in 
evergreen broad-leaved forests to 22.9% in open shrublands. However, 
the partitioning procedure still adopted the same temperature sensitivity 
between daytime and nighttime, which likely caused the large uncer-
tainty in estimating ER. 

In contrast, a few field experiments found that the temperature 
sensitivity of leaf dark respiration was lower during the day than at night 
(Ayub et al., 2011; Bruhn et al., 2011), likely due to the effect of light 
inhibition on leaf E0 (Atkin et al., 2000; Heskel et al., 2013; Slot et al., 
2014). Moreover, daytime leaf E0 could vary seasonally owing to tem-
perature acclimation of respiration (Keenan et al., 2019), although this 
acclimation might differ in species (Heskel and Tang, 2018; McLaughlin 
et al., 2014). Similarly, the temperature sensitivity of soil respiration 
was higher during the nighttime than during the daytime (Darenova 
et al., 2014; Juszczak et al., 2012). Since leaf and soil respiration are two 
important components of ER (Atkin et al., 2015; Giasson et al., 2013), 
the temperature sensitivity in individual components of ER increases 
along the vertical gradient of leaf-stem-soil due to decreased variations 
in the diurnal temperature range and increased substrate quality (Chi 
et al., 2020), resulting in a significant impact on the temperature 
sensitivity of daytime ER. Therefore, using the same 
temperature-dependent relationships for both daytime and nighttime ER 
may introduce systematic errors in daytime ER estimations at the 
ecosystem scale. 

In addition to temperature, the ER is also influenced by water con-
ditions (Flanagan and Johnson, 2005; Tramontana et al., 2020). 
Empirical models usually account for water effects by setting up moving 
windows short enough (~15 days) to capture the changes in ecosystem 
parameters caused by fluctuations in water conditions (Reichstein et al., 
2005). However, this procedure cannot trace the fast ecosystem re-
sponses that occurred shorter than the length of moving windows, such 
as the instantaneous and diel effects of soil water content on ER (Jarvis 
et al., 2007; Tramontana et al., 2020) as well as respiration pulses 
following rain events (Williams et al., 2009). Moreover, at the diurnal 
scale, air relative humidity may be one of the main factors in regulating 
the diurnal variation in soil CO2 flux compared to soil water content 
with small diurnal variation (Liu et al., 2010). Bowling et al. (2002) also 
found that variations of the C isotopic composition of ER showed strong 
links to changes in air humidity. Generally, the direct and indirect in-
fluence of relative humidity on ER is mediated through stomatal activity 
with photosynthetic fractionation (Bowling et al., 2003) and physio-
logical processes of micro-organisms (Kutsch et al., 2009). For example, 
Ekblad et al. (2005) reported that stomatal response to air humidity 
influenced the production and transport of the substrates used in 
below-ground processes. Similarly, litter CO2 efflux was largely 
explained by litter moisture from air relative humidity in driving mi-
crobial degradation at three sites across the Mediterranean Basin 

(Gliksman et al., 2017; Evans et al., 2020). In contrast, high air humidity 
might decrease heterotrophic respiration due to excessive soil moisture 
for decomposers at a deciduous forest ecosystem with moderately cool 
and moist climate (Lõhmus et al., 2019). These studies indicated that the 
influence of air humidity on ER varied largely throughout the different 
years and ecosystems (Gliksman et al., 2017; Lõhmus et al., 2019; 
Werner et al., 2006). Therefore, incorporating short-term water effects 
from air relative humidity into the flux partitioning method may 
improve the daytime ER estimation compared to previous methods. 

In this study, we took a new analysis from the published isotope 
studies (Chen et al., 2019; Oikawa et al., 2017; Wehr et al., 2016) in 
three different ecosystems (i.e., a deciduous broadleaf forest, an ever-
green needle-leaf forest, and a cropland) to examine how the diurnal 
variation in temperature sensitivity (E0, day and E0, night) and air hu-
midity affect estimates of the ER. We hypothesized that (1) temperature 
sensitivity of ER was lower during the day than at night with different 
magnitudes in three ecosystems; (2) effect of relative humidity on ER 
might change from negative during wet ecosystems to positive during 
dry ones. Meanwhile, we quantified the apparent light inhibition of 
daytime ER based on our modified approaches at three sites. The three 
sites not only represent different ecosystem types, but also cover a wide 
range of geography and climate from dry to wet regions. Therefore, the 
comparison of the results across the three ecosystems will strengthen the 
application of our approach. 

2. Materials and methods 

2.1. Site information 

In this study, the eddy flux and isotope data were extracted from 
three ecosystems. The first site is a temperate deciduous broadleaf forest 
(US-Ha1, 42.54◦N, 72.17◦W, elevation 340 m, Petersham, Massachu-
setts, USA) dominated by red oak (Quercus rubra) and red maple (Acer 
rubrum). The mean annual temperature and precipitation were 6.6 ◦C 
and 1071 mm, respectively (1991–2012; Munger, 2016). The eddy 
covariance flux tower was located on the Prospect Hill Tract of the 
Harvard Forest since 1990 (Phillips et al., 2010), and the above-canopy 
flux system was mounted at 30 m with a CO2/H2O infrared gas analyzer 
(LI-6262, Licor Inc.) and a 3D sonic anemometer (ATI, Applied Tech-
nologies Inc.) (Foken et al., 2021; Goulden et al., 1996; Urbanski et al., 
2007). Photosynthetically active radiation (PAR) was measured using 
quantum sensors (LI-190S, Licor Inc.) above (29 m) and below (13 m) 
the canopy (Munger et al., 2020). Global radiation (Rg) was measured by 
net radiation sensor (CNR4, Kipp and Zonen) at 29 m height. Air tem-
perature (Tair) was measured using 30 kW thermistors, and air relative 
humidity (RH) was measured using thin-film capacitor sensors mounted 
in aspirated radiation shields at 8 levels from 2.5 m to 29 m (Munger 
et al., 2020; Urbanski et al., 2007). Soil volumetric water content (SWC) 
was measured at soil depth of 0–30 cm at four locations using time 
domain reflectometry (TDR) probes (CS615, Campbell Scientific Inc.) in 
the typical flux tower footprint (Borken et al., 2006; Wehr et al., 2016). 

The second site is an evergreen needle-leaf forest (CN-Qia, 26.74◦N, 
115.06◦E, elevation 102 m, Jiangxi Province, Ji’an, China). The CN-Qia 
site is influenced by the Eastern Asian monsoon climate, where drought 
stress occurs from July to October as a result of the subtropical anti-
cyclone (Chen et al., 2019). According to the meteorological record from 
1985 to 2013, the mean annual temperature and precipitation were 
17.1 ◦C and 1377.4 mm, respectively (Yang et al., 2015). The vegetation 
was planted in 1985, and the prevailing tree species are Masson pine 
(Pinus massoniana), slash pine (P. elliottii), and Chinese fir (Cunninghamia 
lanceolata). An eddy covariance flux tower was established in late 
August 2002, and the above-canopy flux system was mounted at 39.6 m 
with an open-path CO2/H2O analyzer (LI-7500, Licor Inc.) and a 3D 
sonic anemometer (CSAT3, Campbell Scientific Inc.) (Wen et al., 2006). 
The PAR and global radiation measurements were made at 41.6-m 
height using a quantum sensor of photosynthetically active radiation 
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(LI190SB, Licor Inc.) and a pyranometer (CMP11, Kipp and Zonen), 
whereas air temperature and relative humidity sensors (HMP45C, 
Campbell Scientific Inc.) were mounted at heights of 1.6, 7.6, 11.6, 15.6, 
23.6, 31.6, and 39.6 m above the ground. SWC were measured at depths 
of 5, 20 and 50 cm with three TDR probes (CS615-L, Campbell Scientific 
Inc.) (Wen et al., 2010). 

The third site is an alfalfa field (US-Tw3, 38.12◦N, 121.65◦W, 
elevation -9 m, Sacramento-San Joaquin River Delta, California, USA). 
Alfalfa (Medicago sativa, L.) is typically harvested 7 times per year on a 
45-day cycle. The site has a Mediterranean climate with hot and dry 
summers and cool and rainy winters (Oikawa et al., 2017). The mean 
annual temperature and precipitation were 15.6 ◦C and 421 mm over 
the period of 2013–2014, respectively (Szutu and Baldocchi, 2016). An 
eddy covariance flux tower was installed on May 24, 2013, which was 
located at the eastern edge of the field with prevalent wind from the west 
(Oikawa et al., 2017). The flux system was mounted at 2.8 m with an 
open path infrared gas analyzer (LI-7500, Licor Inc.) and a 3D sonic 
anemometer (WMP 1352, Gill Instruments Ltd.) (Knox et al., 2015). PAR 
and global radiation were measured with a quantum sensor (PAR-LITE, 
Kipp and Zonen) and a four-component net radiometer (NR01, Hukse-
flux), respectively. Air temperature and relative humidity were 
measured with an aspirated and shielded temperature sensor (HMP45C, 
Vaisala) and a capacitance sensor (HMP60, Vaisala), respectively (Knox 
et al., 2015). SWC was measured at 2, 8, and 16 cm depth using soil 
moisture sensors (ML3 ThetaProbe, Dynamax) buried between the two 
profiles (Oikawa et al., 2017). 

2.2. Data collection and processing 

2.2.1. Isotopic flux data 
The C isotope inferred flux data of US-Ha1, CN-Qia, and US-Tw3 

were extracted from Wehr et al. (2016), Chen et al. (2019), and 
Oikawa et al. (2017), respectively. The time span of the isotope data was 
collected between May and October from 2011 to 2013 and between 
June 29 and July 13, 2015 for US-Ha1 and US-Tw3, respectively. In 
CN-Qia, the isotopic flux data were measured across two periods: a dry 
period from July 24 to August 7, 2015 and a humid period from October 
11–25, 2015. At US-Ha1, the isotopic CO2 flux measurements were 
measured using a quantum cascade laser spectrometer (QCLS, Aerodyne 
Research Inc.), which was mounted at 7 sampling heights (0.2, 1, 7.5, 
12.7, 18.3, 24.1, and 29 m) on the flux tower (Wehr et al., 2013). At 
CN-Qia, the measurement system for isotope data used a 12CO2 and 
13CO2 trace gas analyzer (G2201-I, Picarro Inc.) based on isotope ratio 
infrared spectroscopy (IRIS) at 7 heights (39.6, 31.6, 23.6, 15.6, 11.6, 
7.6, and 1.6 m) (Chen et al., 2019). At US-Tw3, CO2 isotopes were 
measured using a closed path sensor (CCIA-48, Los Gatos Research) 
sampled at a height of 2.8 m (Oikawa et al., 2017). Moreover, the iso-
topic signatures of CO2 with high precision should be sufficient for 
partitioning NEE into ER and GPP; thus the uncertainty in the isotope 
data was negligible compared with that in eddy covariance measure-
ment of NEE itself (Chen et al., 2019; Oikawa et al., 2017; Wehr and 
Saleska et al., 2015). More detailed information about isotopic flux 
partitioning referred as supplementary material and the published 
studies (Chen et al., 2019; Oikawa et al., 2017; Wehr and Saleska, 2015). 

2.2.2. Eddy covariance observations 
The half-hourly or hourly eddy flux data were derived from the 

FLUXNET 2015 (Tier 1) dataset for US-Ha1 and US-Tw3 (Munger, 2016; 
Szutu and Baldocchi, 2016) and the Chinese Ecosystem Research 
Network (CERN) for CN-Qia (Wen et al., 2010). We used meteorological 
and eddy covariance flux measurements from 1993 to 2012 at US-Ha1, 
from 2003 to 2010 at CN-Qia, and from 2013 to 2014 at US-Tw3, 
including NEE, Rg, Tair, RH, SWC, vapor pressure deficit (VPD), and 
wind speed (Ws) . The data gaps of RH were filled by using machine 
learning method (i.e., random forest; Kang et al., 2019; Moffat et al., 
2007). The random forest model was trained by sets of input variables 

(e.g., Tair and VPD) and associated output data (e.g., RH) at three sites. 
The trained random forest models across three sites were evaluated by 
10-fold cross-validation, and then separately used to predict the asso-
ciated missing RH values. We applied random forest to gap-fill relative 
humidity by using the R packages “randomForest” (Liaw and Wiener, 
2002). 

2.3. Flux partitioning algorithms 

In this study, we compared six algorithms to estimate ecosystem 
respiration (ER), including four empirical regression models (standard 
nighttime method (NT), standard daytime method (DT), DT method 
with diurnal variation in temperature sensitivity of respiration (DT-E0), 
and DT-E0 method with relative humidity (DT-RH)), and two machine 
learning methods (random forest (RF) and artificial neural networks 
(ANN)). 

We applied the Markov chain Monte Carlo (MCMC) method 
(Richardson and Hollinger, 2005) to estimate the parameters in empir-
ical models, and the initial range of the parameters was set according to 
Lasslop et al.’s (2010) study. The parameters were estimated every 7 
days with a 5-day moving window because we followed Reichstein 
et al.’s (2005) rule utilizing more than six data points and at least 5 ◦C of 
temperature range during each period. We used two machine learning 
methods to estimate daytime ER based on hourly C isotope fluxes and 
meteorological observations at the US-Ha1 site because the other two 
sites did not have enough isotope flux data as a training dataset at an 
hourly scale. 

2.3.1. Nighttime method (NT) 
The NT method is well known as the nighttime partitioning method 

(Reichstein et al., 2005). This method used the Arrhenius-type model 
(Lloyd and Taylor, 1994) to calculate the ER as follows: 

ER = Rref exp
(

E0

(
1

Tref − T0
−

1
Tair − T0

))

(1)  

where Rref (μmol C m− 2 s− 1) is the base respiration rate at the reference 
temperature (Tref = 15℃). E0 (℃) is the temperature sensitivity of ER 
and Tair (℃) is the air temperature. The nighttime data were used to 
estimate the parameters, which were extrapolated to daytime ER. As a 
result, the NT method only applied the Rref, night and E0, night values 
derived from nighttime data to estimate both daytime and nighttime ER. 

2.3.2. Daytime method (DT) 
The DT method is considered as the daytime partitioning algorithm 

(Lasslop et al., 2010). This method used a light-response curve with the 
VPD limitation of GPP and a respiration term as follows: 

NEE =
αβRg

αRg + β
+ ER (2)  

β =

{
β0exp( − k(VPD − VPD0)), VPD > VPD0

β0, VPD ≤ VPD0
(3)  

where α (μmol C J− 1) is the canopy-scale quantum yield, which repre-
sents the initial slope of the light-response curve; β (μmol C m− 2 s− 1) is 
the maximum CO2 uptake rate of the canopy at light saturation, which in 
turn is regulated by VPD. The threshold of VPD (VPD0) is set to 10 hPa. k 
is a coefficient to quantify the response of the maximum CO2 uptake to 
VPD, and Rg is the global radiation (W m− 2). The respiration term, ER, 
uses the same function as in Eq. (1). 

In the standard DT method, nighttime data were only used to esti-
mate E0, night, whereas the other parameters (Rref, α, β0, k) were esti-
mated from daytime data. Therefore, the daytime and nighttime ER 
were calculated by those parameters (e.g., Rref, day, E0, night, α, β0, k). 
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2.3.3. DT with diurnal variation in the temperature sensitivity of ER (DT- 
E0) 

The standard DT method was modified to differentiate not only the 
daytime and nighttime Rref but also the E0, night and E0, day. Our modified 
daytime method (DT-E0) preserved the structure of the original daytime 
method (DT). However, in DT-E0, Rref, day and E0, day were parameterized 
from daytime eddy-covariance measurements (i.e., NEE, VPD, Rg, Tair) 
and used to estimate daytime ER, whereas Rref, night and E0, night were 
parameterized from nighttime data only. 

2.3.4. DT-E0 with air relative humidity (DT-RH) 
Based on the modified daytime method (DT-E0), we incorporated a 

relative humidity (RH) function to estimate ER (DT-RH). This method 
was modified from Lasslop et al. (2010) by adding an RH term as 
follows: 

NEE =
αβRg

αRg + β
+ Rref exp

(

E0

(
1

Tref − T0
−

1
Tair − T0

))

× f (h) (4)  

f (h) = 1 + ε − ε ×
RH
RH

(5)  

where RH is the mean value of RH at a certain data window and ε is a 
fitted site-specific parameter, which indicates the positive and negative 
relationship between RH and the standardized respiration rate (i.e., the 
ratio of daytime ER (DER) and Rref, day, DER/Rref, day, referred to as site 
characteristics; Jägermeyr et al., 2014) across different sites. The stan-
dardized respiration rate (DER/Rref, day) was first calculated from the 
DT-E0 method. The parameter ε was set to -1 if a negative correlation 
existed between DER/Rref, day and RH; otherwise, it was set to 1. The 
modeled β term was estimated using the same function as in Eq. (3). The 
other parameters (α, β0, k, Rref, day and E0, day) were estimated by fitting 
the entire model (Eq. (4)) to the daytime data, whereas Rref, night and E0, 

night were estimated using nighttime data. We then applied Rref, day and 
E0, day to estimate daytime ER, and used Rref, night and E0, night to estimate 
nighttime ER. 

2.3.5. Machine learning algorithms 
Two machine learning algorithms (random forest (RF) and artificial 

neural networks (ANN)) were used (Breiman, 2001; Rojas, 1996) to 
train, test and validate daytime ER based on the multi-year isotope re-
cords and seven drivers at US-Ha1. Detailed descriptions of these 
methods can be found in Tramontana et al. (2016). We applied RF and 
ANN to estimate daytime ER by using the R packages “randomForest” 
(Liaw and Wiener, 2002) and “nnet” (Venables and Ripley, 2002) in R 
version 3.6.1 (R Core Team, 2019), respectively. 

In brief, explanatory variables were used to predict daytime ER, 
including RH, Tair, Rg, VPD, SWC, Ws, and NEE. Each one of these var-
iables may affect carbon exchange to some degree. Specifically, Tair has a 
key role in chemical reactions of biological processes; it thus affects 
almost all aspects of terrestrial carbon processes (Falge et al., 2001; Luo 
et al., 2007). Rg and VPD are key variables for photosynthesis, which 
possibly affect substrate supply from canopy photosynthesis to roots and 
then strongly influence belowground respiration (Tramontana et al., 
2020). Additionally, Rg is known to have an inhibitory effect on leaf 
respiration (Kok effect) (Heskel et al., 2013). Previous studies have re-
ported the instantaneous and diel effects of SWC on ER (Jarvis et al., 
2007; Tramontana et al., 2020) as well as respiration pulses following 
rain events (Williams et al., 2009). Moreover, the C isotopic composition 
of ER showed strong links with humidity within ten days (Bowling et al., 
2002; McDowell et al., 2004). The direct and indirect influence of RH on 
ER is mediated through physiological processes of micro-organisms 
(Kutsch et al., 2009), and the availability of recently produced photo-
synthates. Wind speed affects the footprint of flux measurements 
(Arriga et al., 2017), which can significantly affect the magnitude of the 
measured fluxes if wind direction changes systematically and the 

surrounding land cover is heterogeneous (Tramontana et al., 2020). At 
US-Ha1, there is a large horizontal variation in ER, so that changes in the 
flux tower sampling footprint by wind speed can alter the measured ER 
(Wehr et al., 2016). Hence, we used wind variable as input in order to 
indirectly take into consideration footprint variability. NEE is the results 
of a delicate balance between ER and GPP, and shows a strong corre-
lation with ER (Valentini et al., 2000). 

The performance of machine learning methods to estimate daytime 
ER was evaluated by k-fold cross-validation. The isotope observations of 
the first two growing seasons were used to train the machine learning 
methods, and the observations of the remaining growing season were 
used for cross-validation. We used the coefficient of determination (R2), 
root mean square error (RMSE), mean absolute error (MAE), mean error 
(E), and relative predicted errors (RPE) to evaluate the model perfor-
mance (Yuan et al., 2011). 

2.4. Data analysis 

The estimations of daytime ER from the multiple methods were 
compared at (half-) hourly, daily, monthly, and yearly time scales. The 
composite diel cycle was calculated from each 2-h bin at US-Ha1 and 
each half-hour bin at CN-Qia and US-Tw3. At the daily time scale, we 
used linear regression to compare the cross-consistency between the 
daytime ER at DT-RH and NT and those using DT and DT-E0 methods. 
The monthly mean daytime ER was calculated by averaging the daily 
daytime ER for each month, whereas annual daytime ER was calculated 
as the sum of daily daytime ER over a year. 

Independent sample t-test was used to determine whether the dif-
ference between daytime and nighttime E0 was significant at the three 
sites, respectively. In addition, to help explain the effects of RH on ER, 
we not only examined the importance of RH to ER from isotope data by 
using the RF method in US-Ha1 but also investigated the relationship 
between the standardized respiration rate (that is, the ratio of daytime 
ER and Rref, day) and RH using linear regression at the three sites. 

We quantified the apparent inhibition of ER based on our modified 
models using the same method as Keenan et al. (2019), defined as 100 ×
(Rref, night-Rref, day)/Rref, night. Based on DT-E0 and DT-RH, we used the 
daytime data to parameterize E0, day and Rref, day, whereas nighttime 
data were used to estimate E0, night and Rref, night. Because the estimates 
of apparent inhibition from Keenan et al. (2019) may be conservative, 
we compared those with the results from our modified methods. 

3. Results 

3.1. Comparison of ecosystem respiration among different methods 

The estimates of ecosystem respiration (ER) from empirical parti-
tioning methods and machine-learning algorithms were compared at 
hourly, daily, monthly, and yearly time scales. Since nighttime ER was 
directly obtained from nighttime NEE measurements by eddy covari-
ance, we only displayed the daytime ER. Of all the models we evaluated, 
the diurnal and seasonal patterns of daytime ER from the DT-RH method 
matched more closely with isotopic data than those from other ap-
proaches and slightly outperformed those from the DT-E0 method 
(Figs. 1 and 2). The standard NT and DT methods overestimated daytime 
ER at the three sites, except for the CN-Qia site, in which these two 
methods underestimated daytime ER during the humid period (Figs. 1 
and S2). The performance of the two machine learning algorithms (RF 
and ANN) was consistent at US-Ha1 (Table S2, there were not enough 
data to train models for US-Tw3 and CN-Qia), but was worse than that of 
DT-RH and better than that of NT, DT, and DT-E0 (Fig. S1). Specifically, 
the average relative predicted error of daytime ER derived from DT-RH 
was -1.66% at US-Ha1, whereas the values were 25.69%, 6.56%, 
-4.62%, 3.77% and -2.71% for the NT, DT, DT-E0, RF, and ANN models, 
respectively (Fig. S1). Although the DT-RH method captured the diurnal 
patterns of daytime ER across three sites compared to the standard NT 
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and DT methods, we found a significant decrease in ER at dawn and an 
increase at dusk at US-Ha1, but the opposite was true for CN-Qia and US- 
Tw3 (Fig. 1). 

At the monthly timescale, the difference in performance among 
methods was mainly reflected in the growing seasons at the three sites 
(Fig. 3a, c and e). The mean values of daytime ER from DT-RH were 
significantly lower than those from standard methods (DT and NT) 
during the growing season at the three sites (p < 0.0001). At the annual 

timescale, the differences in daytime ER between the two standard (NT 
and DT) and the modified methods (DT-E0 and DT-RH) were more 
pronounced in the cropland than the forest ecosystems (Fig. 3b, d and f). 
Specifically, differences in daytime ER between DT and DT-RH were 
491.73±53.73 g C m− 2 yr− 1 at US-Tw3 and 441.4±68.61 g C m− 2 yr− 1 

between NT and DT-RH. Daytime ER from the DT-E0 method followed 
the same daily, monthly, and annual patterns as DT-RH (Figs. 3 and S2). 

3.2. Effects of temperature dependency and relative humidity on ER 

The temperature sensitivity of ER (E0) was estimated based on either 
daytime or nighttime data. The seasonal pattern of daytime-derived E0 
(E0, day) was similar to that of nighttime-derived E0 (E0, night), but the 
values of E0, day were significantly lower than E0, night at all three sites (p 
< 0.0001) (Fig. 4). On average, the differences between E0, day and E0, 

night in US-Ha1, CN-Qia and US-Tw3 were -47.80±1.63 K, -32.30±2.52 
K, and -17.94±6.39 K, respectively. During the growing season, the 
difference between E0, day and E0, night was more pronounced at CN-Qia 
(-78.51±6.63 K) and US-Tw3 (-51.91±3.63 K) than at US-Ha1 
(-18.14±6.50 K). During the nongrowing season, E0, day was signifi-
cantly different from E0, night in US-Ha1 (-77.23±3.10 K, p < 0.0001), 
while E0, day was close to E0, night at CN-Qia (-8.17±7.59 K) and US-Tw3 
(16.59±15.44 K). In addition, E0, day was significantly higher in the 
nongrowing season than in the growing season at CN-Qia and US-Tw3 (p 
< 0.0001), but the opposite was true at US-Ha1 (Fig. 4), which followed 
the change in air relative humidity (RH, Fig. S5). Therefore, significant 
correlations between E0, day and RH were found across all sites (US-Ha1, 
p = 0.018; CN-Qia, p = 0.08; US-Ha1, p = 0.015), but not between E0, 

night and RH (Fig. 5). 
The variable importance showed that RH was an important predictor 

in ER estimation by the random forest model parameterized with Har-
vard forest isotope data (Fig. S3). Furthermore, RH was significantly 
correlated with the isotopically measured ER at the three sites (p <
0.05), but the response directions of RH to ER were different in different 
locations (Fig. S4). The standardized respiration rate (DER/Rref, day; 

Fig. 1. Comparison of the composite diel ecosystem respiration (ER) from multiple estimation methods (i.e., isotopic flux partitioning method; four statistical flux 
partitioning methods: standard NT and DT, modified DT-E0 and DT-RH; two machine learning algorithms: ANN and RF) at the US-Ha1, CN-Qia and US-Tw3 sites 
across different study periods. Vertical lines represent the times of sunrise and sunset. Isotopic: isotopic partitioning method; NT: standard nighttime method; DT: 
standard daytime method; DT-E0: DT method with diurnal variation in temperature sensitivity of respiration; DT-RH: DT-E0 method with relative humidity; ANN: 
artificial neural network; RF: random forest. 

Fig. 2. Composite seasonal cycles of daytime ecosystem respiration (ER) from 
isotopic partitioning, DT-RH, DT-E0, standard DT and NT methods at the Har-
vard Forest (US-Ha1, 2011–2013). Shaded areas represent standard error of the 
mean. Isotopic: isotopic partitioning method; NT: standard nighttime method; 
DT: standard daytime method; DT-E0: DT method with diurnal variation in 
temperature sensitivity of respiration; DT-RH: DT-E0 method with rela-
tive humidity. 
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DER: daytime ER) was negatively correlated with the reciprocal of mean 
RH at US-Ha1 (R2 = 0.25, p < 0.0001) but positively correlated at CN- 
Qia (R2 = 0.09, p = 0.01) and US-Tw3 (R2 = 0.50, p < 0.0001). 

3.3. Effects of light inhibition on daytime ER 

Using Keenan et al.’s (2019) approach, we quantified the light in-
hibition of daytime ER based on three methods (DT, DT-E0 and DT-RH) 
at three study sites. The apparent inhibition of daytime ER from the 
three methods mainly occurred during the growing season. The 

Fig. 3. Monthly (a, c, e) and yearly (b, d, f) patterns of ecosystem respiration (ER) based on different partitioning algorithms at three sites across the different 
measurement periods (US-Ha1, 1993–2012; CN-Qia, 2003–2010; US-Tw3, 2013–2014). NT: standard nighttime method; DT: standard daytime method; DT-E0: DT 
method with diurnal variation in temperature sensitivity of respiration; DT-RH: DT-E0 method with relative humidity. 

Fig. 4. Seasonal cycles of temperature sensitivity of ecosystem respiration (E0) indicated that E0 was lower during the day than at night. These results were from the 
NT and DT-E0 methods, which were inferred from nighttime and daytime observations, respectively, across three sites (US-Ha1, 1993–2012; CN-Qia, 2003–2010; and 
US-Tw3, 2013–2014). Shaded areas represent the standard error of the mean monthly values. 
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inhibition of daytime ER from the DT-RH model appeared one month 
earlier than that from DT and DT-E0 in the forest ecosystems (US-Ha1 
and CN-Qia), while there was no significant difference in the inhibited 
magnitude of daytime ER in the cropland (US-Tw3; Fig. 6). In addition, 
the magnitude of daytime ER inhibition by light from DT-RH was higher 
than that from DT and DT-E0 in forest ecosystems, whereas the light 

inhibition between DT-E0 and DT showed a slight difference. 

Fig. 5. The relationship between the temperature sensitivity of ecosystem respiration (E0) estimated from daytime (E0, day) and nighttime (E0, night) data and air 
relative humidity (RH) at the (a) US-Ha1, (b) CN-Qia, and (c) US-Tw3 sites. Error bars represent the standard error of the multiyear monthly average of E0 and 
RH values. 

Fig. 6. Mean monthly inhibition for three flux sites (a, US-Ha1; b, CN-Qia; and c, US-Tw3). Positive values indicate the inhibition of daytime ecosystem respiration 
(ER; more positive signifies more inhibition of daytime ER). Error bars represent the standard error of the mean monthly values. DT: standard daytime method; DT- 
E0: DT method with diurnal variation in temperature sensitivity of respiration; DT-RH: DT-E0 method with relative humidity. 
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4. Discussion 

4.1. Multimodel performance of estimating ecosystem respiration 

Estimation of ecosystem respiration (ER) directly affects the accu-
racy of ecosystem carbon budgets, which are crucial to make policy 
decisions in meeting targets of environmental mitigation (Matthews 
et al., 2018). Our results showed that the modified flux partitioning 
method with distinct daytime and nighttime temperature sensitivities of 
ER (E0, day and E0, night) and relative humidity (DT-RH) produced better 
agreement with isotope data than those from the standard estimation 
methods (i.e., NT and DT). This finding suggests that future partitioning 
efforts should integrate the diurnal variation in the temperature sensi-
tivity of ER (E0) and air humidity (RH) to accurately estimate ER and 
assess climatic impacts on the global C balance. 

The inclusions of diurnal variations in E0 (E0, day and E0, night) and 
relative humidity in DT-RH largely reduced the bias of daytime ER es-
timations in comparison to isotope observations (Figs. 1 and 2). At the 
diel scale, the differences in daytime ER between DT-RH and widely 
used daytime (DT) and nighttime (NT) methods were larger at dawn and 
dusk than during other periods within a day, which was similar to the 
results from other studies (Chen et al., 2019; Lai et al., 2003). This 
transition of ER in the early morning was due to the quick changes in the 
relative contributions of above- and belowground respiration at dawn 
(Keane and Ineson, 2017; Thorne et al., 2020). This phenomenon was 
well captured by DT-RH using the different daytime and nighttime E0 
and the reference respiration (Rref) as well as RH (Fig. 1). Recently, a 
field study using continuous auto-chamber measurements found dra-
matic changes in E0 during the transition periods from night to daytime 
in a peatland ecosystem at Degerö Stormyr, Sweden (Järveoja et al., 
2020). 

At the seasonal scale, our modified DT-RH method produced signif-
icantly lower daytime ER than other methods, especially in the first half 
of the growing season in forest ecosystems (Fig. 2), which was consistent 
with previous results (Wehr et al., 2016). Generally, aboveground 
respiration typically accounts for more than 50% of ER in the early 
growing season, which is strongly inhibited by light, and this proportion 
declines to approximately 10% in August in Harvard Forests, USA 
(Wehr et al., 2016), resulting in seasonal differences in daytime ER. 
Meanwhile, our results showed that apparent inhibition only occurred in 
the growing season in forest ecosystems (US-Ha1 and CN-Qia), but 
occurred almost throughout the entire year due to the year-round 
growth of alfalfa in US-Tw3 (Oikawa et al., 2017), explaining the 
large annual difference in daytime ER among sites (Fig. 3b, d and f). 

To assess the robustness of our results, we also used two machine 
learning methods (RF and ANN), which did not require the prescribed 
relationships between drivers and ER to independently estimate daytime 
ER from isotopic measurements. The diurnal dynamics of daytime ER 
estimated by machine learning algorithms were more similar to those 
estimated by DT-RH than the NT and DT methods at the US-Ha1 site, 
suggesting that relative humidity and the diurnal difference in E0 would 
greatly impact daytime ER estimates. Our results highlight that the diel 
variation in ER is strongly regulated by complex temperature dynamics 
with further modifications from air humidity. 

4.2. Effects of temperature and relative humidity on ER 

Temperature and water conditions are two important factors influ-
encing the seasonal patterns of ER (Chen et al., 2019; Quan et al., 2019; 
Wan et al., 2007). At a daily scale, the responses of ER to daytime and 
nighttime temperatures (i.e., temperature sensitivity, E0) may be 
different (Gessler et al., 2017; Järveoja et al., 2020; Juszczak et al., 
2012). Our empirical evidence demonstrated a lower daytime E0 (E0, day) 
than nighttime E0 (E0, night) at all three sites, which was supported by 
Juszczak et al. (2012). However, this finding contrasted with the clas-
sical assumption of a constant value within a day (Fig. 4; Lasslop et al., 

2010), possibly resulting in high temperature during the daytime by 
inhibiting enzyme activities and reaction rates (Liu et al., 2018). If the 
diurnal variation in E0 was not considered, the ER estimates could be 
largely biased from hourly to annual scales (Figs. 1–3). This result was 
similar to Reichstein et al.’s (2005) finding that the error in the ER es-
timates would be dominated by the term E0 if the diurnal temperature 
(Tair) was much larger or smaller than Tref (15 ◦C). In contrast, Keenan 
et al. (2019) found no significant changes in ER estimates by setting a 
fixed ratio such that E0, day was 50% of E0, night at the Harvard Forest site. 
The discrepancy may possibly result from the fixed E0, day/E0, night ratio 
vs. varying ratios (parameterized by daytime and nighttime data) in ER 
estimates in Keenan et al. (2019) and our studies (Fig. 1). The varying E0, 

day/E0, night ratio over time might be due to the different temperature 
sensitivities of leaf and belowground respiration, which are influenced 
by substrate availability (Hartley et al., 2006). 

Based on the C isotope measurements, we found that air relative 
humidity (RH) was an important predictor of daytime ER at the US-Ha1 
site (Fig. S3), explaining a larger proportion of the variation in daytime 
ER than soil water content at the hourly scale. Increasing the RH could 
decrease stomatal conductance, possibly leading to reduced substrate 
supply from canopy photosynthesis to the roots, which strongly in-
fluences belowground respiration (Kukumägi et al., 2014). Alterna-
tively, the decomposition of plant litter was closely related to RH 
because litter water content partly originates from water vapor in the 
atmosphere (Dirks et al., 2010; Gliksman et al., 2017). Additionally, we 
found a significant and positive correlation between E0, day and RH 
across all three sites, but not between E0, night and RH (Fig. 5). Reichstein 
et al.’s (2002) results supported our findings that decreasing E0 with 
increasing temperature might be caused by reduced water conditions, 
indirectly influencing the respiration-enhancing effect of higher air 
temperatures. 

Although the changes in ER followed the trend of RH over time, the 
effects of RH on ER flipped from negative at US-Ha1 to positive at CN- 
Qia and US-Tw3 (Fig. S4). This pattern may be attributed to the differ-
ences in hydrothermal condition among the three sites from the wet 
zone at US-Ha1 to the relatively dry zone at the other two sites. In US- 
Ha1, there was no constraint of water on ER with a year-round cool 
and moist climate (Wehr et al., 2013). During the day, increasing RH 
would decrease stomatal conductance, plant transpiration, and photo-
synthesis, possibly causing excessive soil moisture and reduced ER at 
US-Ha1 (Lõhmus et al., 2019; Quan et al., 2019). In contrast, CN-Qia is a 
subtropical forest zone with frequent droughts in the summer and dry 
winters (Wen et al., 2010), and US-Tw3 has a Mediterranean climate 
with hot and dry summers (Oikawa et al., 2017), resulting in positive 
effects on ER. Our findings were consistent with the results from other 
field experiments that increasing RH significantly decreased heterotro-
phic respiration in cool and moist zones (Lõhmus et al., 2019), but it 
increased nighttime ER in arid regions (Parton et al., 2012). Therefore, 
RH should be considered more than soil water content to estimate 
ecosystem and global C fluxes, especially ER, and assess the feedback 
between the terrestrial C cycle and climate change. 

4.3. Implications for model development and future experiments 

Accurately partitioning net exchange change (NEE) into ER and GPP 
is critical for understanding the feedback of the terrestrial C cycle with 
climate change (Oikawa et al., 2017). Our modified flux partitioning 
methods provided better ER estimates than the widely used DT and NT 
methods, highlighting the importance of quantifying diurnal variations 
in E0 and RH in estimating diurnal and seasonal amplitudes of ER. These 
results provide insights for modeling the terrestrial C cycle and offer 
recommendations for future development and improvement of 
land-surface models in the three following aspects. 

First, the temperature sensitivity of daytime ER (E0, day) was signif-
icantly lower than that of nighttime ER (E0, night) in the three ecosystems 
and varied over time (Fig. 4). However, current ecosystem and global 

N. Li et al.                                                                                                                                                                                                                                        



Agricultural and Forest Meteorology 312 (2022) 108709

9

models usually use a constant E0 to estimate ER for a given plant func-
tional type, which is widely used to extrapolate nighttime to daytime 
respiration (Lasslop et al., 2010; Mahecha et al., 2010; Reichstein et al., 
2005). E0, which is often derived from long-term datasets, cannot reflect 
short-term changes in ER (e.g., hourly to daily), resulting in large un-
certainties (Reichstein et al., 2005). These results suggested that future 
partitioning efforts should involve the diel variation of E0 to accurately 
estimate ER, especially at the global scale. 

Second, our results highlighted the importance of RH in estimating 
ER flux, and that the correlation between RH and ER varied with the 
hydrothermal condition. Previous studies have mainly focused on pre-
cipitation and soil moisture as potential contributions to ER, although 
atmospheric water vapor (usually represented by RH) is a part of litter 
and organism surface moisture sources and is more important in arid 
and semiarid regions (Dirks et al., 2010). Hence, incorporating RH into 
respiration models properly could be a general strategy to estimate ER 
on short-term to long-term scales. 

Third, although our estimated ER by the modified method (DT-RH) 
was consistent with isotope data for all three ecosystems, isotope-based 
observations are relatively rare due to economic costs and technical 
requirements, resulting in the difficulty of worldwide use of our 
approach. Therefore, it is necessary to promote isotopic measurements 
for ecosystem C fluxes and integrate them into eddy covariance fluxes as 
a new standard of flux monitoring networks to better understand the 
mechanisms underlying the responses of C cycling to climate change. 

5. Conclusion 

The bias of ER estimates based on eddy covariance fluxes has long 
been acknowledged, although isotopic techniques and chamber methods 
have been applied to improve estimates. However, major limitations and 
uncertainties of estimating ER remain in current commonly used 
methods. In this study, our modified flux partitioning method had a 
significant advantage over widely used DT and NT methods when the 
isotopic data were used as the benchmark. Our results showed that the 
daytime and nighttime temperature sensitivity of ER (E0) was different 
and was regulated by air relative humidity (RH) during the day. These 
findings provide directional guidance for flux partitioning efforts with 
eddy covariance observations across the world, since E0 is very impor-
tant to accurately estimate ER at the daily scale. Our findings highlight 
the need to improve current process-based models with diurnal varia-
tions in E0 and RH to advance our ability to understand terrestrial C 
cycle-climate feedbacks. 
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Varik, M., Kupper, P., Torga, R., Maddison, M., Soosaar, K., Sõber, J., Mander, Ü., 
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