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Chapter 6

Gap filling to generate continuous data sets

6.1 Introduction

Most models are highly sensitive to initial values of state variables, hence gaps in the

forcing data sets are influencing the behaviour of the models. Therefore uninterrupted

data series of the driving variables of the model are required.

Measurements over short time steps (e.g. 30 minutes) of environmental variables

are inclined to have gaps, resulting from e.g. power failure, instrument breakdown

and rejection of data by means of quality checks. The treatment of gaps depends

among others on the length of the gap. For instance hourly data in one diurnal

cycle, or daily data in a seasonal cycle may be missing. Because of e.g. differences in

autocorrelation or significance of storage terms, both sorts of gaps should be treated

differently.

A distinction should also be made between first order variables (e.g. u) and second

order variables (e.g. λE). Filling gaps in series of second order variables using first

order variables (e.g. λE from Rnet, T and κ) is always possible.

Retrieving first order data from second order data is however generally not needed.

For example, it is not useful to retrieve u from H as measured with a 3D sonic

anemometer. Then it is more appropriate to use u as measured by the 3D sonic and

to transfer those to the sensor with the missing data of u. Also in practice, if there is

a gap in first order data series, second order data will frequently be missing for that

period.

Hence, before a long term model can be run these gaps in the data series need to be

treated. Long term data series are also needed to study for example the variability

between sites and between years. In these cases uninterrupted data series of the

variables driving the process as well as the variables resulting from the process,

such as λE, are essential. For these studies daily averages or totals are generally

sufficient. The main objective of gap filling is to derive high quality synthetic data

being consistent with the measured data. As has been discussed in Chapter 5, prior

to filling data gaps, a data quality check has to be executed.
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6.1.1 Overview of methods to fill gaps in time series

Moffat et al. (2007) provided an overview of methods available to fill gaps in data

series of net carbon fluxes. Most of these methods can also be applied for fluxes

of H or λE. These methods can be grouped as follows: (non)-linear interpolation

(Xia et al., 1999), look-up tables (Falge et al., 2001), a method based on the mean

diurnal variations of previous periods (Falge et al., 2001), (semi-)empirical models

(e.g. Green, 1979; Desai et al., 2005) and (multiple) (non)-linear regression (Aubinet

et al., 2000).

Interpolation may be preferred in between time steps or between data from dif-

ferent sites, applying either linear or non-linear interpolation techniques. As most

relations in nature are complex, (non)-linear interpolation is reliable only when fill-

ing very short gaps (e.g. a 30-minute time step) and only then if other data series

without gaps of more or less physically related variables show the same trend (e.g.

T and Rs).

Look-up tables have the desired variable binned based on meteorological condi-

tions. Falge et al. (2001) used PPFD (Photosynthetic Photon Flux Density) and

vapour pressure deficit as the driving meteorological variables for λE and H. To

represent different seasonal conditions the tables were split up in 6 or 4 parts. The

advantage of lookup tables as compared to semi-empirical methods such as non-linear

regression is that look-up tables are discrete and do not depend on a fixed continuous

response function.

The Mean Diurnal Variation (MDV) method replaces missing data using the

mean for that time slot based on measurements of previous as well as of subsequent

days. This method is based on the assumption that the average of the previous

and subsequent periods is representative for the period with the missing data. For

(half-)hourly data, Falge et al. (2001) recommended averaging windows of either 7

or 14 days. Larger averaging intervals are generally not recommended as they will

for each time slot introduce more deviations from the mean. The strong point of

MDV is that no data are needed of other variables, which is particularly useful for

remote locations when no data are available at all. At the same time it is also a weak

point of this method, because there is no response to different conditions that may

influence the variable to be filled (Falge et al., 2001).

(Semi-)empirical models are used to fill gaps in data series of fluxes e.g. the

relation between Tsoil and Rs and the night time CO2 flux (e.g. Lloyd and Taylor,

1994). The disadvantage is however, that these models are based on either pre-defined

physical or physiological relations, not necessarily representative for the period with

missing data. For example, the assumption of energy balance closure, although the-
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oretically correct, will not be easy to apply to a specific site under all conditions. A

site may be influenced by either advection or by the problem that G0 or J has not

been accurately measured. Hence, fluxes derived from a model using the assumption

of energy balance closure will then show an offset as compared to the fluxes measured.

(Multiple) (non)-linear regression during gap filling ensures conservation of the

response to meteorological drivers. A non-linear regressor is capable of reproducing

the highly non-linear relations that are common in nature. A distinct advantage

of the use of regression techniques as compared to semi-empirical models is that in

principal it is not necessary to make any prior assumptions about a physical relation

between variables.

To derive artificial data use will be made of a non-linear regressor. Therefore a

distinction will be made between first order data of an automatic weather station

and second order data from a flux station. There is generally not just one cause

for missing data. The availability of variables to be used to fill the gap may be

different. Typical cases of missing data will be analysed and it will be demonstrated

how different data being measured (at the same site and nearby sites) can be used

to replace the missing data.

One of the risks in gap filling is that the periods with missing data are related to

unusual conditions. For example if an open path sensor has been used to measure

κ it is likely that gaps in the data series correspond to periods with showers. To

establish a relationship between λE and meteorological data, using the periods with

“good” data may bias the results to conditions during dry periods. How such a bias

may affect the results will also be investigated.

6.2 Quality check and data gap filling procedure

Before starting the gap filling procedure a data quality check was executed. The three

phases of the checks on the Automatic Weather Station data and the two phases of

the flux data checks have already been described in more detail in Chapter 4. All

data records that are flagged are considered as missing data. For training of the

regressor only the remaining data will be used.

After the three phases of the data quality check, first the missing data of the

meteorological and other prognostic data are replaced. Secondly, the missing data

of λE are replaced. The data quality and data filling procedures are schematically

presented in Fig. 6.1.
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Figure 6.1: Schematic representation of the data quality checking and gap-filling procedure

for the Automatic Weather Station (AWS) data and the flux data.

6.2.1 Automatic Weather Station data

For weather station data such as Ta, κr, u, Rnet, Rs and P there are a number of

techniques for gap filling available which are based on comparing data at a specific

site with those measured at neighbouring sites. Xia et al. (1999) tested 6 different

methods to estimate missing values in forest climatology data for Bavaria, Germany.

They found that a method based on multiple regression analysis (using the 5 nearest

weather stations) gave the best estimations. The most accurately estimated vari-

ables were maximum and mean temperature, and water vapour pressure, followed by

minimum temperature. The poorest results were obtained for wind speed and pre-

cipitation. The biggest problem arose when the station was located in an extended

forested area and the neighbouring stations were located in an area with different land

cover, such as grassland. They found that if the forest influence was not taken into

account the errors increased significantly, especially for wind speed and precipitation.

Site information can be used that is implicitly available in other variables mea-

sured at the site with the data gap. This will partially overcome the problem of the

differences between the sites. For example if wind speed data are missing at site A,
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but radiation data are available, a non-linear regressor can be trained using not only

the wind speed data at site A and site B, but also the radiation data at site A.

Based on these findings the following 3 possible options were used to derive a

first estimate. The first option is to use “redundancy” available if other sensors are

measuring the same variable, e.g. at other heights. The second option is to use other

variables measured at the same site that are strongly correlated, e.g. Ta and κr or

Rs and t (or Ratm
s ). The third option is to use the same variable but measured at

one or more neighbouring sites.

6.2.2 Flux data λE

For most variables measured by an automatic weather station simple physical re-

lations with other variables exist. For λE, these relations are more complex and

uncertain. In most cases λE can be simulated with any land surface scheme using

the driving variables as input. However, the use of any particular land surface scheme

will inherently reflect the concepts it is based on, and therefore strongly affect the

outcome, e.g. the PILPS results of Qu et al. (1996). Continuous records of λE data

are in general only of interest for longer time steps. Thus highly accurate gap filling

of flux data at a short time step is often not needed. Therefore as the driving vari-

ables are the base to replace the second order data, the first emphasis of gap filling

is on the driving variables.

Because for the analysis of the water balance terms λE at a daily or longer time

step are of interest, gap filling of λE will be performed on daily data. This approach

has the advantage of reducing the random uncertainty in the data. It also removes

most of the uncertainties associated with the different storage terms such as present

in the soil, the biomass and in the air volume below the reference level. Huntingford

and Cox (1997) and Musters (1998) already demonstrated that to replace the Jarvis-

Stewart functions controlling the stomatal or canopy conductance of the Penman-

Monteith equation, non-linear regressors such as neural networks can be used with

good results. Here this property is used to remove most of the seasonal fluctuation

in the data by subtracting a calculated reference evaporation before starting the gap

filling. Thereafter the neural network is used to explain the residue.

Because of the sparse distribution of flux stations, filling of missing flux data using

neighbouring stations is not practical. To derive a first estimate of λE there are two

options. The first option is to obtain λE as the residue of the energy balance. For this

option the other energy balance terms H and Rnet should be available. The second

option is to use the reference λE, e.g. based on the Penman-Monteith equation (see

Eq.2.35) with a fixed rs.
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6.2.3 Gap filling procedure

After establishing the first estimates, a non-linear regressor will be used to explain

the differences between the measured data and these first estimates.

To select the input variables needed to drive the regressor, ideally a Principal

Component Analysis will be performed, in particular if dependencies between vari-

ables are to be expected. If dependencies are found indeed, the variables will be

combined to one new variable to be used as input for the regressor. This procedure

will limit the number of degrees of freedom for the regressor. For linear dependencies

there are currently a number of tools available, but to the author’s knowledge, there

are no reliable tools for non-linear dependencies. Because it is expected that most

variables used in this study possess non-linear dependencies “expert judgement” will

be used. To assure a good estimate and to avoid extrapolation, care will be taken

to cover the variable space as well as possible. Variables in the regression that only

cover a limited range will be excluded. To increase the coverage of the variable space

(e.g. Haan, 1977) and if necessary variables will be combined, e.g. by the use of

physical models.

Subsequently, to derive synthetical data for the missing records in the data sets

the non-linear regressor will be used.

All the synthetical data will be added to the database with a flag marking the

method used to derive the data. Before these data are to be accepted, they are

compared with the original data flagged by the quality check. If the difference is

small and removal of the quality flag can be justified (e.g. by checking the notes in

the log book of the field station), the quality flag is removed and the original data are

accepted as “reliable”. For the opposite case, the synthetical data will be accepted

and the quality flag is replaced by a flag marking the method used to derive the data.

6.3 Artificial Neural Network as non-linear regres-

sor

Mathematically, the incorporation of known physical relations such as the conserva-

tion equations of mass and energy will remove much of the expected behaviour of

the target variable. To predict the anomalies a regressor can then be used. Hence,

instead of feeding the measurements directly to the regressor, the residuals of the

measurements and the output of the simulated physical relations will be used. In

a similar way differences between a variable measured with 2 different instruments

at the same or at 2 different sites may be used as the target for the regressor. To

simulate undefined non-linear relations that are common in nature, a non-linear re-

gressor is the best choice, as it has the greatest flexibility. Therefore, to estimate the
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Figure 6.2: Example of a neural network configuration with 5 input variables, a hidden

layer with 3 nodes and 1 output variable.

missing data an algebraic neural network will be used that is capable of reproduc-

ing highly non-linear relationships (Moors and Dolman, 2001; Gardner and Dorling,

1998; Huntingford and Cox, 1997). A typical neural network consists of a number of

input nodes, a number of nodes in a hidden layer and one output node. In Fig. 6.2

an example is shown of a neural network configuration.

For this study the neural network of Saxén and Saxén (1995) has been used. In

order to obtain the same weight for all input variables at the start of the training

session, all input variables, denoted by x will be scaled to values between –1 and +1:

x´ =
x− x

max(x)−min(x)
(6.1)

The output and input nodes will be activated by a linear function. To capture

the non-linear behaviour of natural systems, a sigmoid activation function will be

used for the nodes of the hidden layer, i.e.

y = −1 +
2

1− e−x́
(6.2)

For the training of the network the Levenberg-Marquardt algorithm has been used

(Press et al., 1989). This algorithm minimizes the sum of squares of the residuals

by modifying the network weights. The search direction is an interpolation between

the directions given by Gauss-Newton and the steepest descent methods (Saxén and

Saxén, 1995). The behaviour of the network configuration is evaluated using the

Root Mean Square Error (RMSE):

RMSE =

√∑
(y − ŷ)2

n
(6.3)
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To determine if a configuration is over-dimensioned a test data set has been used.

An increase in the number of nodes will in general result in a decrease of the RMSE

of the training data set. However, if at the same time the RMSE of the test set

increases, this increase is an indication of over-dimensionalising of the network and

this specific configuration will not be used.

6.4 Results

6.4.1 Automatic weather station data

Generally speaking there is not just one cause for gaps in the data series. The data

available to fill the gap also vary. In Table 6.1 an overview is presented of the most

common combinations and optimum network configurations used within this study.

Table 6.1 is not meant to compare different network configurations, but it represents

optimum configurations for parts of the data sets.

As mentioned earlier, this configuration depends on the availability of reliable

data of the input variables for that part of the data set.

One of the most important variables missing in Table 6.1 is the precipitation. The

calibration of a neural network to simulate the difference in precipitation between two

sites yielded good results. The RMSE of the test set however had such a large value,

that there was no benefit in using a neural network as compared to the use of a simple

regression equation. The same conclusion applies to the simulation of the difference

in precipitation between the rain gauge in the open field and the gauge mounted on

the top of the scaffolding tower.

As an example of how the optimum network configurations are derived downward

radiation flux density Rdown
l has been used. Modelling Rdown

l is not trivial especially

under cloudy conditions. There exist however a number of models for clear sky

conditions that yield acceptable results (e.g. Brutsaert, 1982). For cloudy skies

however the results become less satisfactory.

In general physical relations to model Rdown
l are based on Ta and κ as driving

variables. Rdown
s and H are other variables commonly not used for modelling of

Rdown
l . However, a strong physical relation can be very useful to fill missing Rdown

l

data. Rdown
s is related with Rdown

l through the radiation balance, and H through Ts.

Table 6.2 shows a number of such relations for Rdown
l . It also shows how the optimum

network configurations were derived from a number of possible configurations.

To prevent the neural network from solving the well known temperature depen-

dency of Rdown
l , the desired output Rdown

l has been replaced by the differences:

σT 4−Rdown
l . The data set was selected such that alternatively 48 consecutive records
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Table 6.1: Different neural network configurations as being used for the gap filling of the

automatic weather station variables. For each diagnostic variable the neural net input and

output signals, the number of nodes of the hidden layer, the flag identifying the method

used to derive the data, the RMSE of the training set and the mean of the output variable

is given. The variables used are u wind speed, u∗ friction velocity, udir wind direction,

κ specific humidity, H sensible heat flux density, E evaporation rate, ζ (= z−d
L

) stability

parameter, Ratm
s solar radiation at the top of the atmosphere, cc cloud cover and Rdown

l

(mV) refers to the incoming long wave radiation in millivolts, t time of day. The subscripts

refer to: the instruments kry: krypton hygrometer and son: sonic anemometer, the locations

lev2: level 2, soil, etc., the subscript res stands for the residue of the variable.

Variable Output signal Input signals Nodes Flag RMSE y

u u− uson uson, u∗, ζ 2 NN1 0.141 2.48

(m s−1) u− uloc uloc, udir, T, R
down
s 2 NN2 0.566

u− ulev1 ulev1, ulev2, uloc, R
down
s 3 NN4 0.446

u− uloc uloc, R
down
s , xlev1, xlev2 3 NN5 0.559

T T − Tson Tson, uson, u∗, ζ 3 NN1 1.024 15.97

(oC) T − Tson Tson, Tsoil, uson, ζ, t 3 NN2 0.847

T − Tson uson, u∗, ζ, t 3 NN3 0.982

T − Tson Tson, Tsoil, uson, u∗, ζ,H, t 5 NN4 0.677

T − Tloc Tloc, t 0 NN5 0.772

x x− xkry xkry, T, u,H, u∗, ζ, t 3 NN1 0.452 9.47

(g kg−1) x− xlev2 xlev2, T, u,Rs, t 3 NN2 0.352

x− xlev2 xlev2, T, u,H, u∗, ζ, t 5 NN3 0.393

x− xloc xloc, T, u, udir, t 2 NN4 0.579

Rdown
s Rdown

s −Ratm
s Ratm

s , T, x,H,Eres., u, u∗, ζ, t 6 NN1 27.05 263.2

(W m−2) Rdown
s −Rdown

loc Rdown
s,loc , T, R

atm
s , x, u,Rdown

l (mV ) 4 NN2 41.27

Rdown
l Rdown

l − σT 4 T,Rdown
s ,κr, u, t, R

atm
s , σT 4, cc 4 NN1 20.18 312.8

(W m−2) Rdown
l − σT 4 T,Rdown

s ,κr, H, ζ, σT 4, cc 3 NN2 19.31

with measured reliable data were selected for the calibration data set followed by 48

records for the validation data set.

For the calibration data set (N = 1486) the average of the measured Rdown
l was

312.81 W m−2. The validation data set consisted of 1536 records with the average

measured Rdown
l = 317.58 W m−2. As was to be expected the network set-up with

the largest number of degrees of freedom (i.e. number of input nodes plus hidden

nodes) showed the best calibration results.

The best validation results were obtained using Rdown
s , κr, H, u∗, ζ, R

atm
s , σT 4

and cc as input variables and 5 hidden nodes, i.e. the simulated Rdown
l = 314.20 W

m−2. Leaving out ζ, u∗, σT
4 or Ratm

s as input variables did not yield a significant
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decrease in the results. Leaving out Rdown
s had the biggest impact, followed by H.

A network configuration with Rdown
s , H and 2 or 3 other input variables provided

nearly always reasonable results. It should be noted that cloud cover indirectly uses

Rdown
s as it was calculated as the ratio Rdown

s /Ratm
s . If no turbulent data from the

flux station were available the input variables providing the best results were Rdown
s ,

T, κr, u, R
atm
s , σT 4 and cc. Of these variables Rdown

s and κr explained most of

the variance. Use of only artificially obtained data, such as time and Ratm
s was not

adequate to explain any variation whatsoever. However, to improve the results Ratm
s

could be used in combination with other variables.

Table 6.2: Simulation of σT 4
− Rdown

l by different neural network configurations. Also

shown are the number of hidden nodes, the RMSE and the ranking of the results of the

calibration (cal) and the validation (val) data set.

Input signals Nodes RMSE

cal.

RMSE

val.

Order

cal.

Order

val.

Rdown
s ,κr, H, ζ, σT 4 3 23.00 24.48 27 29

Rdown
s ,κr, H, ζ, σT 4, cc 3 18.60 20.30 9 7

Rdown
s ,κr, H, ζ, σT 4, cc 4 18.64 20.50 10 9

Rdown
s ,κr, H, ζ, σT 4, cc 2 20.14 21.05 16 11

Rdown
s ,κr, H, ζ, Ratm

s , σT 4, cc 3 19.15 21.67 12 17

Rdown
s ,κr, H, u∗, ζ, R

atm
s , σT 4, cc 4 16.84 20.40 4 8

Rdown
s ,κr, H, u∗, ζ, R

atm
s , σT 4, cc 5 16.52 19.49 2 1

Rdown
s ,κr, H, u∗, ζ, R

atm
s , σT 4, cc 7 16.83 19.49 3 1

Rdown
s , T,κr, H, ζ, σT 4, cc 3 19.31 21.08 13 12

Rs, T,κr, H, ζ, σT 4, cc 4 17.96 21.35 7 16

Rs, T,κr, H, λEEres, u∗, ζ, R
down
s , σT 4, cc 7 16.08 19.99 1 6

Rs, T,H, σT 4, cc 3 21.41 22.97 24 22

t, Ratm
s 3 31.94 32.00 45 45

t, Ratm
s 8 30.70 31.42 41 40

t, Ratm
s 4 31.40 31.71 43 43

Rdown
s , T,κr, u, R

atm
s , σT 4, cc 4 20.18 22.17 18 20

T,κr, u, R
atm
s , σT 4, cc 4 24.64 25.94 32 34

Ratm
s 4 31.56 31.86 44 44

cc 4 25.65 26.20 35 35

cc 2 25.78 26.20 36 35

cc 1 25.93 26.24 37 36

t, T,κr, u, R
atm
s , σT 4 4 24.19 25.49 31 31

T,κr, u, R
atm
s , σT 4 4 24.64 25.88 33 33

continued on next page
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continued from previous page

Input signals Nodes RMSE

cal.

RMSE

val.

Order

cal.

Order

val.

t,H, u∗, ζ, R
atm
s 4 30.30 30.53 40 39

H,u∗, ζ, R
atm
s 4 27.58 29.12 39 38

H,u∗, ζ, R
atm
s 3 25.08 26.86 34 37

H,u∗, ζ, R
atm
s 2 31.13 31.65 42 42

T,κr, cc 2 23.68 24.37 29 27

T,κr, cc 6 21.45 24.95 25 30

T,κr, cc 3 23.60 24.41 28 28

T,κr, u 2 26.13 25.87 38 32

κr, u, cc 2 23.71 24.21 30 26

κr, H, u, cc 2 21.83 21.27 26 15

κr, H, u, cc 3 21.06 21.73 23 19

Rdown
s ,κr, u,H, u∗, ζ, R

atm
s , σT 4, cc 4 17.32 19.50 5 3

Rdown
s ,κr, H, u∗, ζ, σT

4, cc 4 17.71 19.84 6 5

Rdown
s ,κr, H, u∗, σT

4, cc 4 18.30 19.74 8 4

Rdown
s , T,κr, H, cc 4 18.90 20.60 11 10

Rdown
s , T,κr, H, cc 3 20.48 21.18 20 14

Rdown
s , T,κr, u∗, cc 4 20.16 23.77 17 25

Rdown
s , T,κr, ζ, cc 4 19.74 23.32 15 24

κr, H, ζ, σT 4, cc 3 20.57 22.27 21 21

κr, H, ζ, σT 4, cc 4 19.52 23.02 14 23

κr, H, u∗, σT
4, cc 3 20.81 21.71 22 18

Rdown
s ,κr, H, σT 4, cc 3 20.47 21.12 19 13

6.4.2 Gap filling λE

To derive the optimal neural network configuration for the differences of λE, i.e.

λE − λ̂E, a number of neural network configurations has been tested using LAI ,

Rdown
s , Rdown

l , κr, κ, Ta, u, θ, Dθ.

Measuring λE during wet conditions is extremely difficult. Open path sensors

tend to produce spiky results or are shut down. Because of smearing of water vapour

in the tubes under such conditions, closed path sensors often underestimate λE. If

under these conditions data are excluded from the training data set of the regressor

there is a risk of results becoming biased towards dry conditions. For example in

the Netherlands wet periods in summer are often associated with mainly westerly

winds, while prolonged dry periods are associated with easterly winds. Also during

wet conditions, λE is more controlled by the efficiency of the aerodynamic transport

of water vapour. This control is in contrast to dry conditions when λE is largely
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regulated by the land surface. To overcome these problems inherently associated with

the measurement of λE during wet conditions, and following Gash et al. (1999), λE

has been calculated as the residual of the energy balance. Hence, a neural network was

separately trained on relatively dry conditions NNdry (P ≤ 0.5 mm d−1) respectively

wet conditions NNwet(P > 0.5 mm d−1).

For dry days the flux differences were calculated using the measured λE with

λ̂E calculated using the “Penman-Monteith equation”with a fixed surface resistance

rs = 100 s m−1 and also applying the Makkink equation (Makkink, 1959). The

latter equation is applied in the Netherlands to calculate the reference evaporation

and provides a simple estimate of the maximum λE based only on Rdown
s and T :

λEref = 0.65
∆κ

∆κ + γ
Rdown

s (6.4)

For wet days the differences were calculated using λE being derived as the residual

of the energy balance and λ̂E based on the Penman-Monteith equation using a fixed

surface resistance set to rs = 0 s m−1. Also the interception loss calculated as the

difference between P and Tf was tested as an extra input variable for the neural

network.

For the pine forest at the Loobos site, λE was most sensitive to κr and Ta. For

the years studied, this site did not show a significant influence of θ on λE as simulated

by the neural network. Although the pine forest at this site is located on a sandy

soil with a relatively deep groundwater table, the corresponding deep rooting system

made the trees less sensitive to the soil water deficit θD.

This insensitive behaviour towards θ is in contrast to that of the poplar forest

at the Fleditebos site, which is located on a fine textured clayish soil with a shallow

groundwater table. λE of this forest showed to be sensitive to θ during two years

with a relatively dry soil and low groundwater table and no sensitivity during the

relatively wet year. Including θ as an input variable for the neural network improved

the simulation results of λE at this site.

Fig. 6.3 shows the 1996 measured evaporation rate and the evaporation rate

simulated using a neural network trained on the data of the years 1995, 1997 and

1998 for the poplar stand at the Fleditebos site.

Setting rs = 0 s m−1 overestimated λE. It thus increased the scatter in the

differences to be explained by the neural network and did not improve the results.

Using θ during dry periods improved the results, also for the relatively wet year.

Including the interception did not improve the results.

Using a different regressor for wet and dry conditions, provided a “best estimate”

for E in 1996 of 632 mm yr−1 (see Table 6.3).

This “best estimate” for E corresponds well with E derived as the residual of the

water balance, i.e. 653 mm yr−1. The use of only dry periods to train the neural
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Figure 6.3: Daily sums of measured evaporation E and simulated evaporation ENN for

the poplar forest at the Fleditebos site in 1996. The simulation results are the combined

results of a neural network trained separately for dry and for wet periods in the years 1995,

1997 and 1998. The regression results are: ENN = 0.28 + 0.97E (R2 = 0.88).

Table 6.3: Total evaporation E at the Loobos site with missing data filled using different

filling techniques. “Best estimate” (NN), i.e. a combination of measured data and data of

NNdry and NNwet, NN trained for dry periods only (NNdry), NN trained for wet periods

only (NNwet), E derived as the residue of the water balance (Water balance), precipitation

(P), change in soil moisture storage (∆S), all in mm yr−1.

Year E P ∆S

NN NNdry NNwet Water balance

1996 632 546 708 653 699 46

network clearly underestimated E, while the neural network trained only for wet

periods overestimated Ė.

In Table 6.4 the results of different filling techniques are compared. The estimates

of the diurnal variation, look-up tables and the non-linear regression have been taken

from Falge et al. (2001). The following remarks on these 3 methods can be made.

• The most important drivers for the look-up tables and the non-linear regression

methods were Rnet and κD, taking into account the negative H and hence the

additional energy available during wet conditions;

• Total E resulting from the look-up tables and the non-linear regression were
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Table 6.4: Total evaporation E at the Loobos site with missing data filled using different

filling techniques. Neural Network (NN), NN trained for dry periods only (NNdry), diurnal

variation (Diur. var.), look-up table (Look-up), non-linear regression (regr.), precipitation

(P), throughfall (Tf ), interception (Ei), all in mm yr−1. Also shown are the number of

missing days and the number of days with P > 0.5 mm d−1.

Year E P Tf Ei Number of days

NN NNdry Diur. var. Look-up Regr. Missing Rain

1997 605 433 444 333 333 787 546 241 49 75

1998 703 399 392 362 362 1266 898 368 125 87

1999 691 574 618 607 607 861 541 320 156 83

identical;

• Diurnal variation technique provided the highest estimates of E of these three

methods;

• Magnitude of the differences between the methods varied from year to year.

The NNdry compared relatively well with the 3 methods mentioned before. NN

in Table 6.4 yielded the highest estimates. This difference is mainly because a better

measure for λE during wet periods was used to train the regressor of NN.

The fact that the other methods underestimated E is evident when comparing

with the amount of Ei. Especially in 1998, which was a relatively wet year, this is

clear. The part of the total E left for transpiration was negative for the look-up

tables and the non-linear regression methods. From Table 6.4 it is also clear that the

results of the filling procedure did not only depend on the number of missing data,

but also on the specific period for which the data were missing. For example, the

results of all methods were much better comparable to each other in 1999 than in

1997. This difference may be caused by:

• Combination of a large number of days missing in the spring of 1999;

• High E-values for the days with measurements;

• Relatively high Rnet (50% higher than in 1997 and 1998) in the spring of 1999

resulting in a relatively high E due to the strong dependency on radiation.

The average uncertainty due to the gap filling in the daily E for all years and

different sites using the neural network technique described here was 0.39 mm d−1

(σ = 0.05 mm d−1). However as stated before, the uncertainty involved in the
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Table 6.5: Percentage of missing data of the Automatic Weather Station (AWS) and of

missing data of the eddy correlation system (sensible heat flux H) with the uncertainty due

to the gap filling in the total latent heat flux, ∆λE .

Bankenbos Fleditebos Kampina Loobos

% % % %

1995 Missing data AWS 16 0 - 4

H 28 15 - 20

Uncertainty ∆λE 6 4 - 6

1996 Missing data AWS 22 3 8 0

H 21 10 7 21

Uncertainty ∆λE 7 3 2 7

1997 Missing data AWS 2∗ 16 0 0

H 28∗ 39 3 8

Uncertainty ∆λE 7∗ 10 1 2

1998 Missing data AWS - 0+ 0# 14

H - 8+ 21# 31

Uncertainty ∆λE - 2+ 5# 7
∗) Measurements ended on DOY 265 1997 (for the whole year: missing

data AWS 29%, H 48%, ∆λE 13%)
+) Measurements ended on DOY 117 1998 (for the whole year: missing

data AWS 68%, H 70%, ∆λE 19%)
#) Measurements ended on DOY 231 1998 (for the whole year: missing

data AWS 37%, H 50%, ∆λE 11%)

simulated data depends on several aspects and thus varies from period to period and

from site to site.

In Table 6.5 total uncertainty ∆λE for each site per year is given. To estimate

the uncertainty for each site one year was selected and artificial gaps with different

lengths were created. ∆λE is based on the estimated bias and the length of the data

gaps in the flux data. The total uncertainty that can be attributed to the gap filling

is well below 10% for all sites and all years. If more than 50% of the data are missing,

∆λE may become 20%, i.e. see remark #) in Table 6.5.

6.4.3 Effect of the number of missing records on uncertainty

The influence of the number of missing data on the uncertainty of the simulated data

was studied by creating artificial gaps in a data set of incoming long-wave radiation

Rdown
l . The network configuration being used is depicted in Fig. 6.4.

The activation function for these nodes was Eq. 6.2. All data have been taken

from the Loobos site. Training data were mainly selected from periods before and
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Figure 6.4: Neural network configuration used for the simulation of the downward long

wave radiation Rdown
l .

after the gap periods. The data set covered the period between 1 February and 24

June. The data records were selected in such a way that the period with missing

data (gap) was followed by a period with good quality data. An exception was the

data set with the longest data gap. For this data set the data gap was located either

in the winter period with the calibration period (training) in the summer or vice

versa. Fig. 6.5 shows the RMSE of the calibration and of the validation runs as

a function of the number of missing data. Total number of records being used is

3025 and the average value of Rdown
l for all data used is 307.0 W m−2. For all runs

the same total number of records (i.e. calibration plus validation data) has been

used. The use of the same total number of records implies that, the more data were

missing, the less data were available for training. This difference in available training

data explains why the RMSE of the calibration sets was slightly decreasing with the

number of missing data increasing. For about 40% of the missing data the RMSE of

the calibration and validation set are comparable. At higher percentages the RMSE

of the validation set increases slowly, above 90% rapidly.

6.5 Discussion

Because of the discrete character of the precipitation data, the use of neighbouring

stations is often the only method to fill missing precipitation data. The results

improved with decreasing distance between the stations and with increasing time step,

i.e. daily or longer time steps. For our study the use of two completely independent

rain gauges assured almost 100% data coverage.

The comparison between different methods to fill gaps in data sets (see Table

6.4), demonstrated that satisfying results were obtained using a neural network as
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Figure 6.5: The RMSE of the calibration data set respectively of the validation (missing)

data for the incoming long wave radiation Rdown
l at the Loobos site using data sets with

increasing length of the period with missing data.

non-linear regressor. These results are in line with findings of Moffat et al. (2007).

Although their study was focused on net carbon fluxes, the differences between the

gap filling techniques are applicable to all eddy-correlation data.

Selection of reliable data may create a data set biased towards specific conditions.

Comparing E after gap filling with Ei = P − Tf , demonstrated unrealistic results if

gap filling is exclusively based on dry conditions (see Table 6.4). The latter implies

that the values of E as presented by Falge et al. (2001) are most likely underesti-

mates of the true E-value. Our results show that at least for the Loobos site the

underestimation is mainly attributed by the exclusion of wet periods. To a lesser

extend it may also be caused by the gap filling technique used, i.e. either Look-up

table or Regression.

The main advantage of the use of a neural network is that there is no need to

find a consensus model to generate the flux data: consensus on the input data and

the transfer function is sufficient.

Most studies comparing gap filling techniques assume the same set of data being

available, which implies an automatic weather station data set. However, having in

addition the sonic anemometer measurements available and hence the friction veloc-

ity and sensible heat flux data will also be available. As shown in our study, using

this information will greatly improve the performance of the gap filling technique.

Incorporating these other measurements in a standard protocol is complicated, be-

cause as shown in Table 6.1 a large number of different neural network configurations
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is possible. The best configuration will depend on the site characteristics as well as

the data available.

Filling data sets of which the number of missing data are less than the number

of data available for training of the regressor, gave an uncertainty to the simulated

data being comparable to the calibration data set. For these cases the uncertainty

depended primarily on the capability of the regressor to simulate the physical depen-

dencies and it was independent of the size of the data gap. If the number of missing

data became more than the number of training data the uncertainty in the estimates

increased as well. The magnitude of the uncertainty depends strongly on the size of

the data gap (see Fig. 6.5).

The uncertainty due to the use of simulated data to fill the missing records is for

E in normal years well below 10% (see Table 6.5). Large parts of this uncertainty

can be attributed to the measurement uncertainties (see Chapter 5) rather than the

gap filling uncertainties.

6.6 Conclusions

The application of neural networks contributes to highly consistent data series. The

algorithm used is only valid for the conditions it is trained for. Hence it gives no

guarantee for the ultimate quality of the results. This dependency on the training

conditions was especially clear in the comparison of the filling methods being used

for the estimation of E.

Not taking into account the weak points of the measuring technique used and the

differences in conditions during wet and dry periods leads to a serious underestimation

of E (up to 50% of total E).

The best validation results simulating E were obtained using a neural network

configuration with Rdown
s , κr , H, u∗, ζ, R

atm
s , σT 4 and cc as input variables and

5 hidden nodes. A network configuration with Rdown
s , H and 2 or 3 other input

variables provided nearly always reasonable results.

The magnitude of the uncertainty depends strongly on the size of the data gap.

The uncertainty in E because of gap filling is in an average year well below 10%.


