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2.1 WATER AND CARBON FLUXES ABOVE EUROPEAN CONIFER

OUS FORESTS MODELLED WITH ARTIFICIAL NEURAL NETWORKS + 

ABSTRACT 

Artificial neural networks were used to select a minimal set of input variables 
to model water vapour and carbon exchange of coniferous forest ecosys
tems, independently of tree species and without detailed physiological in
formation. Neural networks were used because of their power to fit highly 
non-linear relations between input and output-variables. Radiation, tem
perature, vapour pressure deficit and time of the day were the dynamic in
put variables that determined ecosystem water fluxes. The same variables, 
together with projected leaf area index, were needed for modelling CCy 
fluxes. The results for the individual sites showed that the neural networks 
found mean water and carbon flux responses to the driving variables valid 
for all sites. The sensitivity analysis of the derived neural networks showed 
that the LAI-effect of the C02-flux model was over-fitted because of the low 
variability of LAI. However, the predictions of C02-fluxes of sites not in
cluded in the calibration set indicated that the LAI-response of the network 
was reliable and that results can be used as a first estimate of the net ecosys
tem carbon exchange of the forest sites. Independent predictions of forest 
ecosystem vapour fluxes were equally satisfying as empirical models specifi
cally calibrated for the individual sites. The results indicate that both short-
term water and carbon fluxes of European coniferous forests can be mod
elled without using detailed physiological and site-specific information. 

INTRODUCTION 

In recent years, great effort is made in modelling instantaneous carbon and wa
ter fluxes at stand scale (Jarvis, 1995; Landsberg et a l , 1991). Both top-down 
and bottom-up approaches are used to model short-term forest ecosystem 
fluxes. Several detailed physiological models use knowledge about photosyn-
thetic and stomatal responses at leaf level and scale these up to canopy level us
ing elaborate radiation interception models (Falge et al., 1996; Wang and Jar-
vis, 1990). With these detailed models both water and carbon fluxes are pre
dicted. For évapotranspiration only, a widely used approach is the combination 
of an energy balance, the Penman-Monteith equation, with the Jarvis-Stewart 
canopy conductance model (Jarvis, 1976; Stewart, 1988). An example of a 
more simple, purely empirical approach is the Makkink model (Makkink, 1957) 
used in several forest hydrological models (Bouten and Jansson, 1995). More 
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general applicable models for carbon fluxes are in most cases working on higher 
time and spatial scales (e.g. Williams et al. (1997)). 

Models for predicting instantaneous water and carbon fluxes in forest ecosys
tems are usually developed, calibrated and validated for one specific forest. For 
each application specific parameters of the response functions are optimised or 
detailed physiological information on species level is used. Extrapolation to 
other forest sites is in those cases difficult and time-consuming. 

Recently the Euroflux project provided measurements of carbon and water 
vapour fluxes above a large range of forests across Europe (Tenhunen et al., 
1998). These measurements give the opportunity to model ecosystem fluxes 
along a range of biotic and abiotic system inputs, and to evaluate the processes 
and environmental variables that determine short term forest ecosystem re
sponses. 

In this paper a dataset of ecosystem flux measurements (C02 and water va
pour) of six different coniferous forests in Northwestern Europe was used to ex
plore the possibilities to model these fluxes with a minimal set of explaining 
variables. The goal was to model water and carbon fluxes independently of tree 
species and to analyse the model performance over different forest sites without 
using detailed physiological or site-specific information. For this top-down ap
proach artificial neural networks were used because of their power to fit highly 
non-linear relations (Huntingford and Cox, 1997). Neural networks give the op
portunity to have a completely unconstrained optimisation and they estimate 
input-output responses without a pre-defined mathematical model. The method 
supplies so called model free estimations (Kosko, 1992). The relations found by 
the networks were tested by predicting ecosystem fluxes of forest sites with in
termediate characteristics not included in the calibration sets. In addition results 
of the évapotranspiration fluxes were compared to those of the Makkink model. 

METHOD 

The data were placed at disposal for the Euroflux workshop held in Sesto (Italy) 
at 26-29* of January 1998. Latent heat [Lh] and C02-fluxes of six coniferous 
forests in Northwestern Europe were used to model ecosystem water and car
bon fluxes. The flux and meteorological data were supplied on a half hourly ba
sis, all made with identical equipment (Tenhunen et al., 1998). Information 
about the six different sites is given in Table 1. The Vielsalm measurements are 
described and presented for a longer time period in Aubinet et al. (2000). 

Most data were between day number 150 to 250 of the year 1996 or 1997. 
All data were supplied with the assumption that there was no soil water stress. 
Measurements within 24 hours after a rain event were removed from the dataset 
to model real ecosystem transpiration and not also interception evaporation. 
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Table 1: information about the different forest sites 

s i t e country g e o g r a p h i c a l 
c o - o r d i n a t e s 

s p e c i e s a g e [yr] d a y s 
(dry) 

LAI 

Flakaliden Sweden 64°07' N 19°27' E P. abies 34 37(19) 2.4 
Hyytiala Finland 61°51' N 24°17' E P. sylvestris 34 98 (52) 3.9 
Loobos Netherl. 52°10' N 05°44' E P. sylvestris 100 108 (47) 3.0 
Tharandt Germany 50°58' N 13°38' E P. abies 106 24(9) 5.0 
Vielsalm Belgium 50°18' N 06°00' E P. menz. 60-90 41 (36) 4.2 
Weiden Germany 50°09' N 11°52' E P. abies 44 41 (13) 6.5 
Brunnen 

The total dataset of the six sites without missing values and after omitting the 
wet canopy data consisted of 8448 half hourly measurements. 

The night-time fluxes of C0 2 had to be corrected for stable atmosphere ef
fects in combination with storage effects (Baldocchi and Vogel, 1996: Kimball et 
al., 1997), when measured C02-fluxes were often close to zero. The problems 
associated with measuring night-time C02-fluxes are cancelled during windy pe
riods (Lee, 1998). Therefore night-time C02-fluxes were removed from the 
dataset when wind-speed was below 2.5 to 3.0 ms'1 which corresponds roughly 
to the wind criterion used by Black et al. (1996) in screening night-time C02-flux 
data for quantifying the carbon uptake of their forest. This reduced the C02-flux 
dataset to 5776 point measurements. 

In order to get a calibration set with high variability of input variables, the 
data of each site were classified into 15 classes per variable, equally distributed 
over their data-range. The input variables that were estimated as most important 
were global radiation [Rg] (other radiation components like PPFD were not 
available for all sites), temperature [T] and vapour pressure deficit [VPD]. All 
measurements of each site were incorporated in one of the 15 x 15 x 15 = 
3375 classes, so in total there were 3375 x 6 = 20250 classes. From each of 
these classes two data-combinations of measurements were randomly selected 
and put into the calibration set. To prevent artefacts caused by different 
amounts of measurement available for each site, the subsets of each site were 
made of the same size by random draws from the first calibration set. After this 
there were 248 point measurements for Lh and 238 point measurements for 
C0 2 for each site in the calibration sets. In total the Lh-flux calibration set con
sisted of 1488 data-points and the C02-flux calibration set consisted of 1428 
data-points. The other data-points (for C0 2 4348 and for Lh 6960) were placed 
in the validation set. Data of each site were therefore in both the calibration 
and in the validation set. The values of the input variables were scaled between 
zero and one. 

A three layer backpropagation neural network was used within Neural Net
work Toolbox 2.0 of Matlab 4.0, (Demuth and Beale, 1995). The optimisation 
method applied in the calibration phase was the Levenberg-Marquardt method. 
The total sum of squared errors (SSE) between measured and modelled values 
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was minimised by tuning the artificial neural network parameters (e.g. scaling 
factors and inter-neurone connection weights). The number of epochs used in 
the optimisation was 75 and for each model fifty initialisations were tested. The 
transfer function for the hidden node layer was the sigmoidal function: 

yf{M) = \ + e-
2*u~l (1) 

The other transfer functions available in the software package gave the same 
(other sigmoidal transformations) or much worse (other linear transformations) 
results (more details can be found in the Appendix). 

The results of different input variable combinations were evaluated using the 
independent validation set. As measures of the goodness of fit the normalised 
root mean square error (NRMSE) and the explained variance (R2) were used. 
The NRMSE corrects for the size of the data set and for the mean value of the 
modelled variable (Janssen and Heuberger, 1995). 

Besides physical driving variables like Rg, T and VPD, also variables like 
'Day of Year' [DoY] and 'Time of Day' [TofD] were tested. TofD was expressed 
in digital time and corrected for each site so that on cloudless days the maxi
mum global radiation value was at 12.00h. TofD was used in two ways in the 
input variable analysis because of the high correlation between the daily pattern 
of Rg and TofD. First it was used as an input variable together with Rg, T, VPD 
etcetera, but it was also used as a variable to analyse the possibilities to improve 
;he results of neural networks using purely physical driving variables. This was 
done by taking the best simulation results ('B.S.') achieved with physical driving 
variables together with TofD as input for the network. In this way we prevented 
he neural network using TofD as the main driving force for the daily pattern of 

ecosystem fluxes and Rg only as an offset variable to determine the height of 
this daily pattern. It was important to be careful with just adding input variables 
because correlations between the variables could lead to unintended side effects 
in the responses that the network found. 

Variables like soil temperature and soil water content, which influence soil 
respiration rates (Freijer et al., 1996), and leaf N-content, which influences leaf 
maintenance respiration (Barnes et al., 1997), were not available for all sites. To 
simulate the variability of soil temperature compared to air temperature (more 
damped and with a short time lag) also the mean air temperature of two hours 
preceding the current value was used as input. These calculations were made on 
a smaller dataset because data could only be used when the air temperature of 
the two hours preceding a C02-flux measurement were available. N-content of 
leaves is strongly correlated to leaf area index (Williams et al., 1997), so extra 
addition of this variable was nol expected to improve the performance of the 
neural networks very much. 

The results of neural networks modelling Lh-fluxes were compared to the 
Makkink model, which is a model predicting transpiration when there is no wa
terstress. For each site the empirical plant factor was calibrated: 
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Lh = fx 
S 

0.65 x • - x Rg 
S + y (2) 

in which: 

Lh = latent heat flux [ W m 2 ] 
f = empirical plant factor [ - ] 
S = derivative of saturated vapour pressure-temperature curve [hPa K-1] 
y = psychometric constant [ hPa K"1 ] 
Rg = global radiation [ W m "2 ] 

Independent predictions were made for sites not included in the calibration sets 
as a more thorough test of the water and carbon responses optimised by the 
neural networks. This was done with the Jack Knife method: calibrating the neu
ral networks on only five of the six forest sites and predicting the sixth not in
cluded forest site. The carbon fluxes of only four sites could be predicted be
cause of the importance of the variable 'Leaf Area Index' [LAI]. The extreme 
values of LAI of Flakaliden and Weiden Brunnen (lowest and highest value) 
were not predicted, because these values were clearly outside the interval of LAI 
values of the other five sites on which the networks were calibrated. The predic
tion of carbon fluxes of Flakaliden and Weiden Brunnen would therefore be an 
extrapolation for which the neural network technique is not suited (Huntingford 
and Cox, 1997). 

RESULTS AND DISCUSSION 

Model selection 

The validation results of the most important input-variable combinations are 
shown in Table 2. The optimal construction for most neural networks was the 
use of 3 hidden neurones, except for models 9 and 10 where only 2 hidden 
neurones were necessaiy. Increasing the number of neurones did not improve 
the model fit of Lh-fluxes (see model 5b and 5c), and only led to a minimal im
provement in model fit of C02-fluxes (see models 3b and 3c). Because of the 
low variability of LAI (only six different values) it was extremely important to 
keep the number of hidden neurones as low as possible, otherwise the neural 
network would use LAI as a kind of individual site index, without using it as a 
real quantitative variable. With two hidden neurones model performance in 
simulating Lh-fluxes and C02-fluxes the model error increased considerably (see 
models 5a and 3a). Increasing the number of iterations of the calibration period 
(the number of epochs) did not improve the model fit. The selection of calibra
tion data over the full experimental validity range used in this article precluded 
the problems of over-fitting reported by Schaap and Bouten (1996) 
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Table 2: Model misfits (NRMSE) of neural networks using different sets of input variables, 
explained variance between brackets 

Model Number 
of hid

den 
nodes 

Input-variables Lh-flux C02-flux 

1 3 R g & T 0.58 (0.79) 0.77 (0.66) 
2 3 Rg & T & LAI 0.57 (0.80) 0.73 (0.67) 
3a 2 Rg & T & VPD & LAI 0.58 (0.78) 0.76 (0.65) 
3b 3 Rg & T & VPD & LAI 0.56 (0.80) 0.71 (0.68) 
3c 4 Rg & T & VPD & LAI 0.56 (0.80) 0.70 (0.68) 
4 3 Rg & VPD & LAI 0.56 (0.79) 0.73 (0.67) 

5a 2 Rg & T & VPD 0.58 (0.78) 0.77 (0.63) 
5b 3 Rg & T & VPD 0.56 (0.80) 0.75 (0.64) 
5c 3 Rg & T & VPD 0.56 (0.80) 0.75 (0.64) 
6 3 Rg & T & VPD & Wind 0.56 (0.80) 0.75 (0.65) 
7 3 Rg & T & VPD & TofD 0.56 (0.80) 0.73 (0.67) 
8 3 Rg & T & VPD & LAI & TofD 0.52 (0.83) 0.69 (0.70) 
9 2 Best Simulation (Rg & T & VPD) & 

TofdD 
0.53 (0.82) 0.73 (0.67) 

10 2 Best Simulation (Rg & T & VPD & 
LAI) & TofD 

0.53 (0.82) 0.68 (0.71) 

11 3 Rg & T & VPD & LAI & DayNr - 0.75 (0.65) 

and Huntingford and Cox (1997). Both studies used much smaller calibration 
sets and did not classify the data. 

The error-values with TofD as an extra input variable (models 7 and 8) were 
not lower than when TofD was used as a model mismatch factor (models 9 and 
10). Lh model 9 had even a lower model error than Lh model 7, which used 
TofD as an extra input variable. As TofD did not improve modelling results 
when it was used as an extra input variable, the responses of the different physi
cal driving variables were not dependent on the values of TofD; there were no 
interaction effects between TofD and the other input variables. 

Most striking was that the variable LAI did not improve modelling results of 
the Lh-flux neural networks. This indicates that many feedback mechanisms are 
present in the process of transpiration (e.g. radiation interception, VPD effects, 
forest floor evaporation), resulting in no net LAI-effect in this interval of input 
values (2.4 - 6.5 m2 m2). The other input variables that were used for modelling 
C02-fluxes did not improve model performance. Soil temperature (at 5 cm 
depth) was available for two sites (Weiden Brunnen and Vielsalm). Modelling 
these sites individually adding the variable 'soil temperature' (ST) led to slight 
decrease in model misfit for the Vielsalm data (NRMSE 0.41 versus 0.40), but 
no increase in fit was found for the Weiden Brunnen site. The mean value of air 
temperatures of the two hours preceding the current value led to a decrease in 
model error for the Vielsalm site individually (NRMSE 0.38), but when applied 
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to the total dataset adding this variable did not lead to an increase of model fit 
(both NRMSE 0.70). 

The neural network models to be analysed further are Lh-flux model 9 with 
input {B.S.(Rg, T, VPD) & TofD} and C02-flux model 10 with input {B.S.(Rg, 
T, VPD, LAI) & TofD}. These models were chosen instead of the models with 
'TofD' as an extra input variables to prevent model artefacts due to highly corre
lated input variables. 

Model performance 
The performances for the different sites of the selected neural network models 
are given for Lh-fluxes in Table 3a and for C02-fluxes in Table 3b. The results 
of networks with the same input variables calibrated on the individual sites are 
also given. Networks calibrated on all data of the individual sites were defined 
as the best possible models with these input variables. For Lh-fluxes results of 
the Makkink model are also presented. 

Results in Table 3 showed that for both Lh and C02-fluxes the neural net
works calibrated on all sites found a mean ecosystem response to the driving 
variables. The sequence of fit values was the same for the total model and for 
the individual fitted models. The NRMSE values for the total model were always 
slightly higher than the individual fitted networks. This was no surprise because 
the latter were calibrated on site specific data. The results showed that the 'total' 
neural networks did not fit a few sites very well and the other badly, which 
would be the case if the different forest ecosystems did not react to the same ex
tend to the driving variables. 

Adding the variable TofD in modelling C02-fluxes led to an increase in 
model misfit of the sites Flakaliden and Weiden Brunnen. This was probably 
caused by the very specific TofD response of these sites individually for C02-
fluxes (see Figure 6 and below when explaining the response curves). When 
modelling Lh-fluxes adding the variable TofD led to a slight decrease in misfit 
for all sites. 

A typical value for the measurement error of eddy covariance measurements 
of Lh-fluxes is about 5%, which results in a standard deviation of about 18 W 
nv2 (Bosveld and Bouten, 1992). One can estimate the possibilities of model 
improvement by calculating the errors of model minus measurements, ex
pressed in variance or standard deviation, and comparing them with the meas
urement error according to: 

error (measurements - model) ~ error (model) + error (measurements) (3) 

The measurement minus model error of the total dataset expressed in standard 
deviation was for Lh model number 9 23.3 Wrrf2. The standard deviation of the 
results of the Vielsalm site, for which the neural networks had the highest per
formance, was 20.2 Wm'2. According to these results and this estimate of the 
measurement error the possibilities for improving of the neural network results 
for modelling Lh-fluxes seem small. 
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The performance results of modelling Lh-fluxes and C02-fluxes could not be 
compared in an easy way. The higher values of NRMSE for C02-fluxes were 
partly due to the fact that negative and positive values of this variable led to a 
small value of the mean, so that the fit error expressed as a relative value of the 
mean would be higher than for Lh-fluxes. 

Graphically the performance of model 9 for Lh-fluxes and model 10 for 
C02-fluxes are shown in Figure 1 and Figure 2. Regression lines we calculated 
with the modelled values on the x-axis and measured values on the y-axis 
(Janssen and Heuberger, 1995). Negative C02-flux values were net carbon up
take by the forests and positive values were net carbon release (respiration). 
The Tharandt site had both for Lh and C02-fluxes the lowest performance. As 
the individual calibrated networks had also clearly lower performances than the 
other sites (see Table 3), the high misfit values of Tharandt were probably not 
caused by different responses of the Lh and C02-fluxes to Rg, T and VPD. 

For Lh-fluxes a systematic underestimation of the high values of the meas
ured Lh-fluxes was visible. For the C02-fluxes an overestimation of the low 
negative daytime carbon fluxes was calculated, whereas the high night-time 
fluxes were underestimated. Also a limit is visible in the simulated values, for 
CGyfluxes both at the upper and lower levels of the modelled values whereas 
for Lh-fluxes the border is only visible at the high levels of the modelled values. 

This systematic misfit could be due to several causes. Huntingford and Cox 
(1997) had the same kind of systematic misfit in modelling canopy conduc
tance, and they mention a number of possible explanations like non-constant 
aerodynamic conductance, missing inter-annual variability, failure to capture 
non-linearity in responses and missing input that varies on a timescale longer 
than one day and shorter than one year. Not mentioned are possible artefacts 
due to the transfer function used in the neural network. The shape of these scat
ter plots is for the CGyfluxes very similar to the shape of the sigmoidal transfer 
function. If the upper and lower values of the validation data are not defined by 
unique values of the input variables it could be that in the optimisation proce
dure followed it is preferable for the network to fit the abundant values close to 
the mean very well and the extreme and less abundant values less well. The rea
son that the systematic error is seen at both ends for C02-fluxes and only at the 
higher values for Lh-fluxes, is probably that for Lh-fluxes the lower boundary is 
well defined (if there is no global radiation there will be almost no évapotranspi
ration), whereas for the C02-fluxes both the upper and lower boundary are not 
very well defined by any value of an input variable. Another explanation could 
be the measurement error, which is relatively high for the eddy correlation 
measurement technique compared to variables like temperature, radiation and 
vapour pressure deficit. Model uncertainty is in such a case small compared to 
measurement uncertainty. The highest peak measurement values can be caused 
by measurement-errors: they are noise effects. Because they are not character
ised by unique sets of input variables, they wiil be systematically underestimated 
by the model. 
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Response curves 
Responses of artificial neural networks can be evaluated by varying one single 
input while keeping other inputs at their mean value. These results should be 
interpreted with care, as the reference value of one variable can influence the 
response curve of another (Huntingford and Cox, 1997). To evaluate interac
tion effects in the networks presented here, two inputs were varied together, 
while the others are set to their mean value. The most interesting response sur
faces are shown in Figure 3 for Lh-fluxes and in Figure 4 for C02-fluxes. All the 
results presented in Figure 3 and 4 have to be interpreted with care, for extreme 
values of the graphs are in most cases extrapolations, although the amount of 
these was kept as low as possible. The values of the inputs that were varied were 
also constrained by the values of the constant inputs. If one used for example a 
constant VPD input of 15 hPa, temperature values below 5 °C would be an ex
trapolation of the neural network responses, as these combinations of input val
ues were not present in the dataset. 

A VPD = 10 hPa B T = 15 °C 

500 1000 
Global Radiation [W m -] 

C Rg = 750 W m 2 
D 

500 
Global Radiation [ W m 2 ] 

0.5 
Tune of Day [-] 

Figure 3: 
WnT2) 

Temperature [°C] 

The response curves of Lh-flux neural networks (grey-tones are Lh-flux values in 
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Figure 4: The response curves of C02-ßux neural networks (grey-tones are C02-flux values 

in fjmol m'2 s'') 

The response surfaces of the Lh model were not very surprising. Transpiration 
increased with radiation and temperature. Above an optimum value of T 
(around 18 °C) transpiration decreased (Figure 3A), probably caused by a cou
pled negative effect of high temperature and vapour pressure deficit values on 
the stomatal conductance. In Figure 3D the influence of adding the variable 
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TofD are shown. Best Simulations of Lh-fluxes were decreased in the morning 
and in the afternoon, whereas values at noon were increased. Figure 4A and 4B 
show different day and night-time effects of T and LAI on modelled C02-fluxes. 
As the results of Figure 4B were calculated with a global radiation of 0 W m 2 as 
input, this response surface can be interpreted as the night-time respiration 
curves of the neural network model. No simple interprétable results followed 
from these responses. The network seemed to find a kind of optimum curve for 
the net-ecosystem carbon uptake at LAI 5 m2 m"2, which was the value for Tha-
randt. This optimum however was dependent of VPD (Figure 4D). When a 
value of 20 hPa instead of 10 hPa was used, the highest net ecosystem ex
change was at LAI 6.5 m2 m"2, which was the value of Weiden Brunnen. How
ever, the value of 20 hPa could not be used for this response curve fitting, be
cause this value never occured at the sites of Flakaliden and Hyytiala, and 
therefore would mean an extrapolation of the network responses for which the 
method is not fit (Huntingford and Cox, 1997). Different from the daytime car
bon fluxes the respiration response for LAI showed over-fitting: the variability of 
LAI was too low. The model found a minimum for respiration at LAI 5 m2 m"2. 
To have an reliable respiration versus LAI relation, more sites should be in
cluded or data of a longer period of the individual sites, when the LAI is varying, 
should be used. The LAI-response of the neural network was also be tested by 
predicting independent datasets (see below). In this way the validity, reliability 
and applicability of this response could be verified. 

The response curves of TofD were interesting. Opposite to Huntingford & 
Cox (1997) we found clear optimum curves both for Lh-fluxes as for C02-fluxes 
(see Figure 3D, Figure 4F and for the individual sites Figures 5 and 6). The re
sponse curves plotted for the individual sites in Figures 5 (Lh) and 6 (C02) had 
a maximum around noon, except for Weiden Brunnen where both the Lh and 
the C02-fluxes show a time shift towards the afternoon. This TofD effect could 
be due to changes in the fraction of sunlit leafs. At low solar elevation there is 
more shadowing between the trees, and at high elevations (at noon) radiation 
can reach much more deeply into the canopy and can also reach the lowest leaf 
levels (Green and McNaughton, 1997). The effect was not measured in Rg be
cause radiation measurements were done above the forest canopy. This effect 
can lead to an overestimation of solar radiation effectiveness for the forest at low 
solar elevations and an underestimation of solar radiation effectiveness at high 
solar elevations by the neural network. This effect will be compensated by the 
variable TofD. The same effect can be achieved by introducing for each site the 
calculated solar height. The effect will be damped by cloudy days, when solar 
penetration into the canopy is less dependent on solar height. 

The time-shift of the Weiden Brunnen site could be explained by the fact 
that the forest site of Weiden Brunnen is located on a hill slope (though not very 
steep, only ten to fifteen degrees) with an exposition towards the south-west. 
This means that the sun will reach the highest point, from forest viewpoint, in 
the afternoon. 
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The differences between the other sites in their reaction to TofD could not be 
explained simply. You would, for example, expect the TofD effect to be more 
pronounced in forests with high LAI. This was not clearly visible in the Figures. 

Lh-flux 

„ 1.2 Flakaliden 

Loobos 

Hyytiala 
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Vielsalm 

Weiden B. 

0.45 0.55 

Time of Day [-] 

Figure 5: Response curves of the variable 'Time of Day' using as constant input of'Best Lh-

flux Simulation' a value of 120 Wnf2 
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Prediction 
Results of independent model predictions are given in Table 4a and 4b. The 
predictions of Lh-fluxes were very satisfying and in all cases better (expressed in 
'NRMSE' ) than the results of the individually calibrated Makkink model (see Ta
ble 3a). The estimates of transpiration sums were also reliable, considering the 
fact that it was a totally independent prediction. The reliability of the simulated 
transpiration and carbon exchange sums was an important test for the derived 
artificial neural networks. Because of the high calculation speed of the networks, 
once the calibration is completed, the networks can be applied as input for re
gional models of carbon and water cycling. 

The results of the C02-fluxes were less well than the results of the Lh-fluxes. 
This was due to the importance of LAI, of which the variability was so small that 
the networks tend to over-fit the relation between C02-fluxes and LAI. On the 
other hand, also these results can be considered satisfying as a first approxima
tion of the carbon balances of the different coniferous forests. Striking was the 
difference between Hyytiala and the three other sites. Only the Hyytiala sum of 
C02-fluxes was overestimated by the neural network, probably caused by the 
over-fitted LAI response. 

Applicability of neural network models in data analysis 
The neural networks derived in this article are black box models with no 
conceptual mechanisms behind. Therefore they are only communicable by 
giving the network used and the derived parameters. This is done in the 
appendix. The neural network models presented are mathematical 
representations of mean responses of coniferous forests' water and carbon 
exchange to different driving variables. As the neural network technique is an 
empirical method (Huntingford and Cox, 1997; Kosko, 1992) the models given 
should not be applied to situations outside the maximum values of the variables. 

Neural networks are very powerful tools to extract information from datasets. 
Here neural networks are used to evaluate the general behaviour of different 
coniferous forests. Especially the results of independent flux predictions show 
that satisfying results can be obtained by distracting general behaviour of forests. 
This method can be applied to all kinds of ecological processes, if enough data 
are available for this top-down analysis. For these kinds of applications the 
model free estimations of neural networks are an advantage of the method be
cause there is no pre-defined constraint to the solution that the neural network 
will find, as in other methods. The disadvantage of a black box method, no clear 
insight in what the neural network did learn, can be overcome by applying other 
analysing techniques like fuzzy logic (Kosko, 1992). 

CONCLUSIONS 

Both instantaneous water and carbon fluxes could be modelled with artificial 
neural networks without physiological or site specific information. The variables 
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that were needed for modelling the évapotranspiration were global radiation, 
temperature, vapour pressure deficit and time of the day. The explained vari
ances of this model for the individual sites were between 0.63 and 0.87 
(NRMSE-values were between 0.47 and 0.83). The four input variables of the 
Lh-flux model together with leaf area index were needed for modelling C02-
fluxes. The explained variances of the carbon flux model for the individual sites 
were between 0.57 and 0.78 (NRMSE-values were between 0.44 and 1.13). In
dependent validations of the individual sites showed that the neural networks 
found mean ecosystem responses valid for all sites. For all sites neural network 
predictions of water fluxes were better than those of the site specific calibrated 
one parameter model Makkink. The LAI effect of the neural network describing 
C02-fluxes was probably over-fitted because of the low variability of this input. 
Independent predictions of the C02-fluxes, however, showed that the LAI effect 
was reliable and that the neural network model can be used as first estimate of 
the net ecosystem carbon exchange. 

The variable Time of Day' was used in this study as a model mismatch fac
tor, by using the best simulations achieved with the physical driving variables 
global radiation, temperature, vapour pressure deficit and leaf area index to
gether with 'TofD' as input for the neural networks. The results showed a clear 
optimum curve for 'TofD' with a maximum around noon. This effect was 
probably due to changes in the fraction of sunlit leaves. At high sun elevations 
radiation can penetrate deeper into the canopy. This explanation was supported 
by the time-shift of the maximum of the optimum curve for both Lh and C02-
fluxes of the Weiden Brunnen site, a site located on a slope with south-west ex
position. 
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APPENDIX: ARTIFICIAL NEURAL NETWORK MODEL PARAMETERS 

As neural networks are no conceptual models that are communicable, we give here 
the derived empirical parameters with a short description of the network architec
ture. 

Network architecture 
First all values of input x are scaled between zero and one using the formula: 

max(x) - value(x) 
input(x) = 1 — — — (Al) 

max(x) - min(x) 
These input values (I) are multiplied with the first connection matrix, A1; which con
tains the connections between the input nodes and the second, hidden, node layer 
(X): 

X = A1»I (A2) 
The number of input nodes determines the number or columns of the matrix, the 
number of hidden nodes determines the number of rows of the matrix. A neural 
network with three input variables and five hidden nodes therefore has a first con
nection matrix with five rows and three columns, containing 15 connection values. 

After multiplication of the input values with the first connection matrix the 
values of the hidden nodes are known. These values are scaled after adding an off
set parameter vector (A2): 

Ü = X + A2 (A3) 

m(M) = —^jr-i (A4) 
l + e 

With the above mentioned network with five hidden nodes, this gives another five 
parameters (for each hidden node one offset parameter). 
These scaled values are then multiplied with the connection matrix (A3), containing 
the connections between the hidden nodes and the output node. 

0=A,*HN (A5) 
In the case of five hidden nodes and one output node this will also give another five 
parameters. After this multiplication another offset parameter is added to this output 
node value. This final value is the definitive neural network output value (OV): 

OV = 0+A4 (A6) 

Parameter values 
The parameter values of four models are given here (see Table 2): for Lh-fluxes 
models 5 and 9, and for C02-fluxes models 3 and 10. 

Lh-fluxes model 5: 
Scaling parameters 
max(Rg): 929.0 Wm"2 min (Rg): -4.0 Wm2 [input node 1] 
max (T): 27.97 °C min (T): -4.2 °C [input node 2] 
max(VPD): 23.3 hPa min (VPD): 0.0 hPa [input node 3] 
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A = 

0.54 2.58 -2.32 

-3.96 1.72 1.13 

-0.59 3.83 -5.38 

A3 = [ -132 .0 62.0 82.l] 

A = 

AA 

-0.06 

2.75 

2.73 

[-18.0] 

Lh-ßuxes model 9: 
Scaling parameters: 
max(B.S.): 176.9 Wm2 

max (TofD): 1.0 [-] 
min(B.S.): -7.1 Wm2 

min (TofD): 0.0 [-] 
[input node 1] 
[input node 2] 

,1 
- 0.25 2.42" 

0.78 2.78 

^ , = [195.94 -180.34] 

C02-fluxes model 3: 
max (Rg): 929.0 Wrn2 

max (T): 27.97 °C 
max (VPD): 23.3 hPa 
max (LAI): 6.5 m2 m'2 

A2 

AA 

- 0.69 

1.96 

-10.5] 

min (Rg): -4.0 Wm2 [input node 1] 
min(T): -4.2 °C [input node 2] 
min (VPD): 0.0 hPa [input node 3] 
min (LAI): 2.41 m2 m'2 [input node 4] 

1.02 2.52 -3.24 -3.49 2.42 

A = -0.94 -2.22 2.93 3.72 A2 = -2.56 

-2.88 1.12 -1.02 0.11 
_ 

_ 3.96 

A,- 81.67 81.23 -43.43] A4 = 34.40] 

C02-ßuxes model 10: 
max(B.S.): 7.7^molm^s4 min (B.S.): -20.6 Wm2 [input node 1] 
max (TofD): 1.0 [-] min (TofD): 0.0 [-] [input node 2] 

2.91 
A7 = A 

0.06 -2 .58 

0.07 -1.84 

A3 = [- 73.96 65.35] 

2.14 

[12.39] 
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