
Contents lists available at ScienceDirect

Agricultural and Forest Meteorology

journal homepage: www.elsevier.com/locate/agrformet

Fluxpart: Open source software for partitioning carbon dioxide and water
vapor fluxes

T.H. Skaggsa,⁎, R.G. Andersona, J.G. Alfierib, T.M. Scanlonc, W.P. Kustasb

aU.S. Salinity Laboratory, USDA-ARS, Riverside, CA, United States
bHydrology and Remote Sensing Laboratory, USDA-ARS, Beltsville, MD, United States
c Department of Environmental Sciences, University of Virginia, Charlottesville, VA, United States

A R T I C L E I N F O

Keywords:
Flux partitioning
Eddy covariance
Evapotranspiration
Carbon dioxide flux
Open source software

A B S T R A C T

The eddy covariance method is regularly used for measuring gas fluxes over agricultural fields and natural
ecosystems. For many applications, it is desirable to partition the measured fluxes into constitutive components:
the water vapor flux into transpiration and direct evaporation components, and the carbon dioxide flux into
photosynthesis and respiration components. The flux variance similarity (FVS) partitioning method is based on
flux variance similarity relationships and correlation analyses of high-frequency eddy covariance data (Scanlon
and Sahu, 2008; Scanlon and Kustas, 2010, 2012). The FVS method is relatively complex computationally, and
that complexity has likely been an impediment to greater use and testing of the procedure. In this work, we
present a new algebraic solution to the key computational task in the partitioning algorithm, which significantly
simplifies the FVS method. We also introduce Fluxpart, a free and open source Python 3 module that implements
the FVS partitioning procedure. Example flux partitioning calculations are presented.

1. Introduction

The eddy covariance method is routinely used to measure gas fluxes
over agricultural fields and other landscapes (Baldocchi, 2014). Greater
insight into the functioning of agroecosystems is possible if the mea-
sured gas fluxes can be separated into their constitutive components:
the water vapor flux into transpiration and direct evaporation compo-
nents, and the carbon dioxide flux into photosynthesis and respiration
components.

General information about flux partitioning can be found in the
other articles of this special issue, as well as the recent reviews by Kool
et al. (2014) and Anderson et al. (2017b). The focus of this paper is the
flux variance similarity (FVS) partitioning method of Scanlon et al., a
procedure based on flux variance similarity relationships and correla-
tion analyses of eddy covariance data (Scanlon and Sahu, 2008; Scanlon
and Kustas, 2010, 2012). The FVS method is gaining in popularity as
evidenced by a number of recent publications (e.g. Palatella et al.,
2014; Sulman et al., 2016; Wang et al., 2016; Anderson et al., 2017a).
However, wider testing and adoption has been hindered by the relative
difficulty of implementing the method, which requires complex and
computationally intensive processing and analysis of high-frequency
eddy covariance data.

We have two objectives. First, we examine some computational
aspects of the FVS partitioning algorithm, and introduce a new

algebraic method for the key computational task in the procedure,
eliminating the need for more complicated numerical calculations.
Second, we introduce Fluxpart, a free and open source Python 3 module
intended to permit wider use, testing, and development of the FVS
partitioning procedure. Example calculations with Fluxpart are pre-
sented.

2. Background

The FVS flux partitioning method has been described at length in
the literature (Scanlon and Sahu, 2008; Scanlon and Kustas, 2010;
Palatella et al., 2014). We present here a brief overview.

Monin-Obukhov similarity theory implies that high-frequency time
series for scalars, such as the water vapor (q) and carbon dioxide (c)
concentrations, will exhibit perfect correlation when measured at the
same point within a homogeneous atmospheric layer (Monin and
Obukhov, 1954; Scanlon and Sahu, 2008). Actual measured correla-
tions may deviate from this prediction for several reasons, including the
presence of multiple, distinct source/sinks for the scalar quantities
within the layer (Scanlon and Albertson, 2001; Scanlon and Sahu,
2008). Flux variance similarity and perfect correlation may exist for
concentrations associated with a single source/sink, but the super-
position of fluxes from multiple source/sinks degrades the overall cor-
relation.
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In the case of q and c, one source/sink arises from the exchange of q
and c across leaf stomata during transpiration and photosynthesis, and a
second from non-stomatal direct evaporation and respiration. If only
transpiration and photosynthesis occur, similarity theory predicts
ρq,c=−1 (a negative correlation because transpiration acts as a q
source and photosynthesis as a c sink). Conversely, if only evaporation
and respiration occur, theory predicts ρq,c=1 (evaporation and re-
spiration being sources for q and c, respectively).

Scanlon and Sahu (2008) note that one may think of evaporation
and respiration as contaminating the transpiration and photosynthesis
fluxes, driving the q–c correlation away from the expected ρq,c=−1.
The premise of the FVS technique is that an analysis of the degree of
that contamination can be used to infer the relative amounts of stomatal
and non-stomatal fluxes present.

More specifically, Scanlon and Sahu (2008) propose the following
partitioning analysis. The water vapor concentration, carbon dioxide
concentration, and vertical wind velocity (w) measured at a point on an
eddy covariance tower can each be decomposed as

= + ′q q q (1a)

= + ′c c c (1b)

= + ′w w w (1c)

where angle brackets indicate the temporal mean over a short interval
(e.g., 15–60min) and the prime indicates the fluctuation from the
mean.

According to the conventional eddy covariance method, the water
vapor and CO2 fluxes for the interval are, respectively,

= ′ ′F w qq (2a)

= ′ ′F w cc (2b)

The gas concentration fluctuations and fluxes can be further decom-
posed into components regulated by stomatal and non-stomatal con-
trols:

′ = ′ + ′q q qe t (3a)

′ = ′ + ′c c cr p (3b)

= + = ′ ′ + ′ ′F F F w q w qq q q e te t (4a)

= + = ′ ′ + ′ ′F F F w c w cc c c r pr p (4b)

where ′qe and ′qt are the water vapor concentration fluctuations asso-
ciated with non-stomatal (evaporation) and stomatal (transpiration)
controls, respectively; ′cr and ′cp are the CO2 concentration fluctuations
associated with non-stomatal (respiration) and stomatal (photosynth-
esis) controls, respectively; and Fqe, Fqt, Fcr , and Fcp are the corresponding
flux components. The FVS partitioning method is applicable only when
the photosynthesis CO2 flux is directed downward and the other fluxes
are upward,

<F 0cp (5a)

>F F F, , 0c q qr t e (5b)

Scanlon and Sahu (2008) assume that the transfer efficiencies of the
stomatal-controlled scalars are greater than those of the non-stomatal
scalars, which leads to the following approximations for the scalar
correlations (Bink and Meesters, 1997; Katul and Hsieh, 1997)
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where σ indicates the standard deviation over the averaging interval.

These definitions and approximations allowed Scanlon and Sahu (2008)
to derive a series of equations that can be used to calculate the con-
stituent flux components. As discussed by Palatella et al. (2014), the
main computational task in this procedure involves solving two si-
multaneous nonlinear equations that can be expressed more compactly
than originally presented by Scanlon and Sahu (2008). Similarly to
Palatella et al. (2014), we formulate this two-equation system as
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Note that Eq. (7) has two branches due the presence of the plus–minus
operator in Eq. (8b). Eq. (8a) would similarly have two branches except
that the “minus” branch can be ruled out since it can never satisfy the
required ′ ′ ′ ′ >w q w q/ 0e t

The system contains five parameters that are known directly from
eddy covariance data and three unknown parameters. The known
parameters are: = ′ ′F w qq and = ′ ′F w cc , the water vapor and CO2

fluxes, respectively; σq
2 and σc

2, the variances of the water vapor and CO2

concentrations, respectively; and ρq,c, the correlation coefficient for the
water vapor and CO2 concentrations. The free parameters are: σc

2
p , the

variance of the photosynthesis CO2 concentration; ρc c,p r , the correlation
coefficient for the photosynthesis and respiration CO2 concentrations;
and W, the leaf-level water use efficiency. The latter is defined

=
′ ′
′ ′

W
w c
w q

p

t (9)

By definition or by physical reasoning, it is required that
− < <ρ1 0c c,p r , >σ 0c

2
p , and W < 0 (Scanlon and Sahu, 2008). If a

value for W is known from leaf-level measurements or can be otherwise
estimated (see Scanlon and Sahu, 2008, Appendix A), then Eq. (7) can
be solved for the remaining unknowns, σc

2
p and ρc c,p r (explained in

greater detail in the next section). The flux components are then given
by
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= −F F Fc c cr p (10b)

=F F W/q ct p (10c)

= −F F Fq q qe t (10d)

The partitioning procedure does not always produce a result be-
cause a solution to Eq. (7) may not exist or the solution may be non-
physical (that is, the obtained values for either σc

2
p or ρc c,p r may be in-

valid, or the obtained flux components may violate the directional re-
quirements in Eq. (5)). No solution for a given time interval or series of
intervals may be the correct outcome. For example, meteorological
conditions may be incompatible with the theory or assumptions un-
derlying the FVS method. On the other hand, Scanlon and Sahu (2008)
found that, in some instances, the root cause of failure may be the
presence of large-scale eddies that affect flux variance similarity re-
lationships but do not contribute significantly to fluxes. They therefore
proposed retrying failed analyses after filtering the high-frequency q, c,
and w time series data to remove large-scale (low-frequency)
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components. Using wavelet decomposition, one can progressively re-
move low-frequency components from the data and apply the parti-
tioning procedure at each stage, quitting when either a successful so-
lution is found or the decomposition is exhausted (Scanlon and Sahu,
2008).

In sum, applying the partitioning procedure to an interval of eddy
covariance data requires input values for = ′ ′F w qq , = ′ ′F w cc , σc

2, σq
2,

ρq,c, andW. Water use efficiency, W, can be estimated from atmospheric
CO2 and H2O data if direct measurements are not available. Due to a
possible need to remove low-frequency components from the data, the
partitioning algorithm is typically implemented using high-frequency
time series data as input, rather than just interval average values.

3. An algebraic solution

Previously, Eq. (7) has been solved in two ways. Scanlon et al.
(Scanlon and Sahu, 2008; Scanlon and Kustas, 2010) discretized the
(ρc c,p r , σc

2
p ) parameter space and identified candidate solutions by testing

whether Eq. (7) was satisfied at each possible point in the parameter
space. Alternatively, Palatella et al. (2014) used numerical root finding
and in limited testing found the approach to be computationally effi-
cient, but expressed some uncertainty about the structure of the para-
meter space and the general applicability of the numerical approach.
We present below an explicit algebraic solution to Eq. (7) that elim-
inates the need for these procedures, but first we examine in greater
detail the (ρc c,p r , σc

2
p ) parameter space.

Because fluxes have to be real-valued, one can show that the fol-
lowing requirements exist for physical solutions to Eq. (7)
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When the “plus” root in Eq. (7) is used, it is also necessary that

>σ σc c
2 2
p (11c)

Fig. 1 illustrates a typical (ρc c,p r , σc
2
p ) parameter space. Regions where

a physical solution cannot exist are shaded green. The relative position
of the two green regions in the upper right section of Fig. 1, which
correspond to Eq. (11a) and (11b), can be reversed depending on the
relative values of W, σq

2, and σc
2. The blue and red contours in Fig. 1 are

the residuals for Eq. (7a) and (7b), respectively. The desired solution to
Eq. (7) is the point at which the zero residual contours intersect. Using a
computer algebra system, Eq. (7) can be solved algebraically, with the
solution given by:
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where ρc c,p r is the negative square root of ρc c,
2
p r

. Note, however, it is not

sufficient that Eq. (12) yield positive (physical) values for ρc c,
2
p r

and σc
2
p .

Eq. (12) can produce positive values when in fact the zero contours do
not intersect. Therefore, it must be verified that the obtained values
satisfy both Eq. (7a) and (7b) for at least one of the branches of Eq. (7).
And it must still be confirmed that final fluxes calculated with Eq. (10)
satisfy Eq. (5).

4. Fluxpart

Fluxpart is a free and open source Python 3 module that implements
the FVS partitioning method described above. Fluxpart includes cap-
abilities for applying basic QA/QC to high-frequency eddy covariance
data, and for correcting high frequency data for external fluctuations
associated with air temperature and vapor density (Webb et al., 1980;
Detto and Katul, 2007). If a successful partitioning result is not found
initially, Fluxpart uses a discrete wavelet decomposition to progres-
sively remove low frequency components from the data, as discussed by
Scanlon and Sahu (2008).

The water use efficiency is assumed to be constant over a given data
interval. If a value for W is not provided, Fluxpart estimates the water
use efficiency according to (Scanlon and Sahu, 2008; Campbell and
Norman, 1998, chap. 14.7)

=
−
−

W
c c
q q

0.625 a i

a i (13)

where ca and ci are the ambient and intercellular CO2 concentrations,
respectively; qa and qi are the ambient and intercellular water vapor
concentrations, respectively; and 0.625=1/1.6, with 1.6 being the
ratio of molecular diffusivities for water vapor and CO2 (Massmana,
1998). The ambient concentrations 〈ca〉 and 〈qa〉 are estimated from
above-canopy tower measurements by extrapolating a logarithmic
mean profile with stability corrections to the zero-plane displacement
height (Brutsaert, 1982; Scanlon and Sahu, 2008; Scanlon and Kustas,
2010). The intercellular vapor concentration 〈qi〉 equates to 100 per-
cent relative humidity at a given leaf temperature. The leaf temperature

Fig. 1. Schematic illustration of the parameter space for Eq. (7). Regions shaded green
correspond to the constraints indicated by Eq. (11). The plotted contours are Eq. (7a)
(blue) and Eq. (7b) (red) residuals (left hand side of the equation minus the right hand
side). The bold solid contours correspond to zero residual (i.e., the equation is satisfied),
and the dashed and solid contours correspond to residuals of −0.1 and 0.1, respectively.
The desired solution is the intersection of the bold contours, which is given by Eq. (12).
(For interpretation of the references to color in this legend, the reader is referred to the
web version of the article.)

Table 1
Inputs for Cardoon example (from Palatella et al., 2014). Data are
from 2010-04-07, 1300–1400 local time.

σq (g m−3) 0.411 163
σc (mgm−3) 5.182 580

′ ′w q (gm−2 s−1) 0.033 140
′ ′w c (mgm−2 s−1) −0.472 108

ρcp cr, −0.881 017

W (mg g−1) −37.158 598
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can be input if known. Otherwise, Fluxpart estimates the leaf tem-
perature to be equal to the above-canopy air temperature, plus-or-
minus an optional fixed offset that can be specified.

A few options are available to estimate 〈ci〉. It may be specified that
〈ci〉 is a constant ppm value (Campbell and Norman, 1998, p. 237), that
〈ci〉/〈ca〉 is a constant value, or that 〈ci〉/〈ca〉 is a function of the at-
mospheric vapor pressure deficit (e.g. Morison and Gifford, 1983; Katul

et al., 2009). In all cases, default parameter values are provided for C3
and C4 plants, or custom parameter values may be input.

The source code repository, with links to full code documentation,
are available at https://github.com/usda-ars-ussl/fluxpart.

Table 2
Partitioning results for input data given in Table 1.

Palatella et al. (2014) Fluxpart

σcp
2 (mg2m−6) 27.358 130 27.36

ρcp cr, −0.757 626 −0.7585

′ ′w qt (g m−2 s−1) 0.012 878 0.012 82

′ ′w qe (g m−2 s−1) 0.020 262 0.020 32

′ ′w cp (mgm−2 s−1) −0.476 489 −0.4765

′ ′w cr (mgm−2 s−1) 0.004 381 0.004 389

Fig. 2. Diurnal variation in the number of physically allowable partitioning solutions
obtained for the 2014 peach data using the constant ratio model to estimate intercellular
CO2. Partitioning for a given data interval is not attempted if meteorological conditions
are incompatible with the FVS method or data errors are detected.

Fig. 3. Diurnal variations of the estimated water use efficiency, level of data filtering applied, and partitioned flux components for the 2014 peach orchard data, March–October. Results
are shown for two different intercellular CO2 parameterizations used to estimate water use efficiency. Solid lines are the median values and shaded regions indicate the range between the
25th and 75th percentiles.
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5. Examples

5.1. Cardoon example

Palatella et al. (2014) used the FVS procedure to partition fluxes
measured over a field planted with Cardoon (Cynara cardunculus L.), a
crop thought to have potential as a biofuel. Input data for a one hour
interval near midday are given in Table 1. Palatella et al. (2014) pur-
posely reported, and Table 1 reproduces, digits in excess of the preci-
sion with which the various quantities can be reliably measured be-
cause the extra digits facilitate comparisons of partitioning
computations, such as presented here.

Although Fluxpart is mainly oriented toward processing high fre-
quency eddy covariance data, a partitioning solution can also be ob-
tained using interval average input data such as given in Table 1. As
noted previously, Palatella et al. (2014) used numerical root finding to
solve Eq. (7). Their obtained solution and fluxes are given in Table 2.
Using the algebraic approach described above, Fluxpart finds essen-
tially the same results, also presented in Table 2.

Palatella et al. (2014) evaluated a second data interval and obtained
a non-physical partitioning result (a negative respiration CO2 flux).
Analyzing that example, Fluxpart again found the same result as
Palatella et al. (2014) (not shown). The solution, which satisfied the
”plus” branch of Eq. (7), violated Eq. (11c).

5.2. Peach example

Anderson et al. (2017a) collected eddy covariance data over a
furrow-irrigated peach orchard (Prunus persica) in San Joaquin Valley,
CA, USA. We use Fluxpart to analyze the subset of high frequency
(10 Hz) peach data collected from March through October, 2014. See

Anderson et al. (2017a) for a full description of the field site and in-
strumentation. For our analysis, we consider two possible para-
meterizations for ci when estimating W via Eq. (13). In the first, the
ratio of the intercellular and ambient CO2 concentrations are constant,
〈ci〉/〈ca〉=0.7, where the constant value K=0.7 is typical of C3 ve-
getation (Sinclair et al., 1984). In the second, the ratio is a function of
the square root of the vapor pressure deficit,

= −c c λD c/ 1 1.6 /i a a , where D is the vapor pressure deficit and
λ=22×10−9 kgm−3 Pa−1 (Katul et al., 2009).

The high frequency peach data were processed in 30-minute inter-
vals. Fig. 2 shows the diurnal variation in the number of physically
allowable partitioning solutions obtained using the constant ratio
model to calculate 〈ci〉. Overall, 10 168 data intervals were analyzed. A
partitioning analysis was attempted for 7201 intervals. Fluxpart will not
attempt a partitioning analysis if the data are incompatible with the
FVS method, or fail other data quality checks. For the peach data,
partitioning was not attempted because: turbulence was too low for the
eddy covariance method to be applied reliably (1306 cases); the ap-
parent atmospheric vapor pressure deficit was zero (965); the water
vapor flux was non-positive, ′ ′ ≤w q 0 (553); the estimated water use
efficiency was non-negative, W≥ 0 (81); or errors or excessive missing
data were detected when reading the high frequency data (62). The
listed conditions are not mutually exclusive; the quantities in par-
entheses are the number of times the particular disqualifying condition
was the first encountered by Fluxpart. From the diurnal variation
plotted in Fig. 2, it can be seen that the disqualifying data conditions
occurred mainly at night, with the fewest attempts occurring in the
predawn hours of 0400–0500, where partitioning was attempted on a
little less than 25 percent of the data. In contrast, around noontime,
almost 100 percent of the data were suitable for partitioning. More
research is needed to understand the best methods for estimating W

Fig. 4. Selected meteorological data measured in the peach orchard for two chosen five-day time periods in 2014. The leaf area index was 1.7 during the first period and 2.2 during the
second.
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under different environmental and meteorological conditions, including
evaluations of the appropriateness of using of Eq. (13) and the FVS
method during nighttime hours.

A successful partitioning solution (i.e. the obtained flux components
were consistent with Eq. (5)) was found for 6712 intervals, or for 93
percent of the attempted analyses and 66 percent of the total data. As
illustrated in Fig. 2, the likelihood of success if a partition was at-
tempted did not have a strong diurnal pattern. The number and pattern
of attempts and successes using the square root model for 〈ci〉 were
nearly identical (not shown).

Fig. 3 shows diurnal variations in water use efficiencies estimated
with the two different 〈ci〉 parameterizations, along with the corre-
sponding partitioned flux components. The water use efficiency data
are for successful partitioning outcomes only. Compared with the
square root model, the constant ratio model produced an estimated
water use efficiency with a much higher degree of variability, both in
terms of the diurnal variation and in the spread of values estimated for
any particular time of day. The greatest discrepancy was in the predawn
hours, where the constant ratio model produced some extremely large
(negative) water use efficiency estimates. However, because total fluxes

were relatively small at that time of day, big differences in estimated
predawn water use efficiency and flux components had a relatively
minor impact on estimated fluxes when integrated over, say, a day or
more.

The offset in the peak H2O and CO2 fluxes seen in Fig. 3 is similar to
that observed in other irrigated agricultural sites in California
(Baldocchi, 2016a, 2016b). Overall, the most notable difference in the
flux components estimated with the two 〈ci〉 parameterizations is that
the square root model produced a larger evaporative water flux com-
ponent.

Also shown in Fig. 3 is the level of high-pass/low-cut filtering ap-
plied to the time series data to obtain successful outcomes. Less data
filtering was required to obtain partitioning results during daytime than
nighttime hours. Note that the collapse of the curves to zero in the
middle of the plots does not mean that filtering was never used, only
that filtering was not used in at least 75 percent of the successful results.
For example, with the constant ratio model at 1200, 10 percent of the
successful results used some level of data filtering.

Fig. 4 shows selected meteorological data for two chosen five-day
time periods. The data and their time courses are typical for summer

Fig. 5. Peach orchard partitioned flux components, calculated for the two five-day time periods shown in Figure 4, using two parameterizations for the intercellular CO2 concentration, ci.
Gaps occur where meteorological conditions were incompatible with the FVS method or where the method failed to obtain a physical result. In both periods, irrigation occurred during
the third (middle) day. In the second period, the orchard was water stressed prior to irrigation.
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conditions in San Joaquin Valley. Fig. 5 shows partitioned flux com-
ponents calculated for the two time periods using both 〈ci〉 models. In
both periods, irrigation occurred during the third (middle) day. At the
time of irrigation in the second period, the orchard was water stressed
due to an irrigation well failure (Anderson et al., 2017a). The plots
show that the estimated flux components are consistent with expecta-
tions for irrigation under well-watered and stressed conditions. Under
well-watered conditions, irrigation led to an increase in evaporation
over the last three days of the period, whereas other fluxes were rela-
tively unchanged. Under stressed conditions, all fluxes increased no-
ticeably after irrigation. Again, the evaporative fraction estimated with
the square root model was larger than that estimated with the constant
ratio model. As indicated by the gaps in the curves, fewer successful
partitioning results were found during the first two days of the second
period, when soil conditions were relatively dry and the trees stressed.

6. Conclusions

Although gaining in popularity, the FVS approach to partitioning
carbon dioxide and water vapor fluxes is relatively untested. Questions
exist about the sensitivity of the partitioning results to the water use
efficiency parameter, and about best methods for estimating that
parameter under different environmental and meteorological condi-
tions (Palatella et al., 2014; Sulman et al., 2016; Anderson et al.,
2017a). Further testing and intercomparison of FVS with other parti-
tioning methods is needed. Fluxpart is intended to make the FVS pro-
cedure easier to implement and permit wider use and testing under
different ecosystems and conditions. Fluxpart is an open source project,
and contributions from other researchers are welcome. See https://
github.com/usda-ars-ussl/fluxpart for details.
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