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6.. ANALYSIN G FOREST TRANSPIRATIO N MODE L 

ERRORSS WIT H ARTIFICIA L NEURAL NETWORKS' 

ABSTRAC T T 

AA Single Big Leaf (SBL) forest transpiration model was calibrated on half-hourly 

eddyy correlation measurements. The SBL model is based on the Penman-

Monteithh equation with a canopy conductance controlled by environmental 

variables.. The model has eight calibration parameters, which determine the 

shapee of the response functions. After calibration, residuals between 

measurementss and model results exhibit complex patterns and contain random 

andd systematic errors. Artificial Neural Networks (ANNs) were used to analyse 

thesee residuals for any systematic relationship with environmental variables that 

mayy improve the SBL model. Different sub-sets of data were used to calibrate 

andd validate the ANNs. Both wind direction and wind speed turned out to 

improvee the model results. ANNs were able to find the source area of the fluxes 

off  the Douglas fir stand within a larger heterogeneous forest without using a 

priorii  knowledge of the forest structure. With ANNs, improvements were also 

foundd in the shape and parameterisation of the response functions. Systematic 

errorss in the original SBL model, caused by interdependencies between 

environmentall  variables, were not found anymore with the new 

parameterisation.. After the ANNs analyses, about 80% of the residuals can be 

attributedd to random errors of eddy correlation measurements. It is finally 

concludedd that ANNs are able to find systematic trends even in ver)' noisy 

residualss if applied properly. 

6.11 I N T R O D U C T I O N 

Transpirationn of water by vegetation is an important component of the energy 

exchangee at the earth surface. Single-layer, multi-laver and three-dimensional models exist, 

simulatingg transpiration of the vegetation at local, regional, and global scale (Raupach and 

Finnigan,, 1988). In such models it is common to describe the vegetation as if it were a 

Singlee Big Leaf (SBL) (for example SiB by Sellers et al., (1986) and BATS by Dickinson et 

al.. (1986)). In these models the calculation of the transpiration flux is based on the 

Penman-Monteithh equation (Monteith, 1965). In a hvdrological context, the most 

importantt characteristic of the SBL is its stomatal resistance to transpiration. This 
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resistancee is controlled by a number of environmental conditions, which can be 

incorporatedd in the SBL model with physically based or empirical response functions 

(Stewart,, 1988). By optimising the parameters in the response functions, the SBL model 

cann be made to fit observations of latent heat fluxes above vegetation (e.g. Dekker et al., 

2000;; Huntingford, 1995). However, residuals between measurements and model results 

stilll  remain after calibration. These residuals are caused bv random and systematic 

measurementt errors and model inaccuracies, and mav contain information that can be 

usedd to improve the SBL model. 

Artificia ll  Neural Networks (ANNs) can be used to analyse whether any patterns occur 

inn the residuals between measured and modelled transpiration. ANNs are a very suitable 

tooll  for this purpose because they are able to find relationships in complex non-linear 

systems,, without an a priori model concept (I lecht-Nielscn, 1991; Wijk and Bouten, 1999). 

Recently,, Huntingford and Cox (1997) used ANNs to detect how stomatal 

conductancee responds to changes in the local environment and compared it with the 

Stewartt stomatal conductance model. They concluded that the Stewart-Jarvis and ANN 

stomatall  conductance model both perform well, although the models explain different 

partss of the variances. In the present study we want to test a method, which is less 

sensitivee for the chosen data set bv using different sub-sets of data to calibrate and validate 

thee ANNs. Therefore we use a data set of a Douglas fir stand in the Netherlands, which 

wass already used to model forest transpiration with an SBL model by Bosveld and Bouten 

(1992)) and Dekker et al. (2000). W'c explore patterns in the residuals between observed 

timee series of transpiration and those modelled by a calibrated SBL model lor the Douglas 

firr stand. With ANNs, we distinguish between random errors on one hand and systematic 

errorss or model errors on the other hand. Only systematic errors with an identifiable 

physicall  basis are used to further improve the existing SBL model. Model improvements 

mayy consist of incorporation or additional environmental variables that were not 

consideredd in the original model or may be an improved response to an environmental 

variable.. When all relevant information is incorporated in the existing SBL model, we 

exploree the mathematical forms of the response functions. 

6.22 MATERIAL S A N D M E T H O D S 

Researchh Site 

Thee research site, Speuld is located in a 2.5 ha Douglas fir stand, in a large forested 
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area,, in the central Netherlands near Gardcren. The Douglas Fir forest is dense with "80 

treess ha ! without understorev and planted in 1962. Average tree height in 1995 was 25 m, 

lowestt living whorl 13 m, mean diameter at breast height is 0.25 m and the single sided 

leaff  area, including stem area, ranging trom 9.0 m2 m 2 to 12.0 m2 nr2 in summer (Jans et 

ah,, 1994). The forested area has different stands with dimensions of a few hectares. Most 

dominantt species are Douglas fir, Beech, Scots Pine and Japanese Larch. The soil is a well-

drainedd Typic Dystrochrept (Soil Survey Staff, USD A, 1975), with a forest floor of 5 cm 

onn heterogeneous ice-pushed sandy loam and loamy sand textured river deposits. The 

waterr table is at a depth of 40 meter throughout the year. The 30-year average rainfall is 

8344 mm v ' and is evenly distributed over the year, mean potential evapotranspiration is 

aboutt 712 mm v '. Yearly transpiration reduction by water stress is low (about 5 %), 

althoughh short periods with considerable drought stress do occur (Tiktak and Bouten, 

1994). . 

Models s 

Forestt transpiration was modelled with the Single Big Leaf model (SBL) based on the 

Penman-- Monteith equation (Monteith, 1965): 

\li=\li=  " ; ' ; " (6.1) 

wheree A.I i. is the latent heat flux, s the slope of the saturated water vapour curve, Rn the 

nett radiation, p the density of air, Cp the specific heat capacity of air, D the vapour 

pressuree deficit, y the psychrometer constant, and ga and _;'.,- are the aerodynamic and 

surfacee conductance, respectively. 

Aerodynamicc conductance (g,) is calculated with (Monteith and Unsworth, 1990): 

&& aa=iala=iala  (6.2) 

wheree //  is the friction velocity derived from the wind profile equation under neutral 

conditionss and u is the wind speed (m s '). Friction velocity is calculated with (Monteith 

andd Unsworth, 1990): 
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"  - t"  d (6-3) 
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wheree k is the von Karmann constant, z the measurement height (36 m), r/the zero plane 

heightt taken as 2 /3 of the tree height ( l 7 m), and *o is the roughness length. 

Surfacee conductance, gf is composed of the stomatal conductance (gt) and the 

remainingg conductance when stomata are closed (go): 

,,  + .<:.. ( 6 . 4) 

gogo is related to cuticular transport of water vapour. 

Forr the 1989 data set, Bosveld and Bouten (1992) modelled stomatal conductance as a 

productt or response functions of environmental variables. They found that g, depends on 

leaff  area index (ƒ.), vapour pressure deficit (D), global radiation (R ,̂ air temperature (7) 

andd volumetric soil water content (6): 

&&  = Acn/J'i^OY) fD(D) fK (RX)MQ) fr(T) (6.5) 

wheree thegc,rej'is a parameter, representing the canopy conductance at reference conditions 

andd fi are reduction functions of the environmental conditions or time. The functional 

shapess of the response functions, used by Bosveld and Bouten (1992), are plotted in 

Figuree 6.1. 

AA piece-wise linear form for the growth curve (//'.) was assumed. It was observed 

(Tiktakk et al., 1991) that shoot growth starts at DOY 130 and ends at DOY 180: 

fjfj  (DOY)= \-a} (DOY + 185,1/315 0<D()Y < 130 

f,f, {DOY)=\-Ü, J\SU-DOY)/50 130 < DOT < 180 (6.6) 

j)j)  (DOY)= \-a, /DOT-180,1 /315 180 < DOY < 365 

wheree ai. is the free parameter to be optimised. 

Thee response function for D (Jn) is: 

fp(V)=fp(V)= (6.7) 
\\ + aD(D-Dr) 
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wheree ai) (mbar ') is the free parameter and Dr (mbar) a reference D, here chosen at 4.6 

mbarr at which //) becomes 1. For D < 1.5 mbar the response function was set to Jn (D — 

1.55 mbar). 

Thee light response function (/ĵ ) is described with: 

R,(ll  000- , , „ „) 

**  A R0( 1 0 0 0 - 2 ^ )+ ^ 1 0 00 

wheree ai  ̂ (\X'm 2) is the free parameter and 1000 is the maximum radiation (Wnr2). 

Thee response function tbr "/'(ƒ;) is: 

4 0 - Jo ; , 77 l ( ) p T 

0°<7'<4<)° ° 

wheree a\ is the free parameter and TOPI is the optimum temperature set to 25°C. 

Thee soil water content (JQ) is described with: 

/e(9)) = l 9 > 0.072 
/e(e)) = i-rf e(o.o72-e) e < 0.072 

wheree a% (-) is the free parameter and 0.072 represents the so called reduction point, e.g. 

thee starting level at which soil water stress occurs. 

Inn summary, the SBL model has eight parameters. One parameter, %o is used to 

calculatee ga, go accounts for canopy conductance when the stomata are closed, ^.r?/ is used 

too scale the five response functions, which together contain five parameters. 

Measurementss and Data Processing 

Transpirationn was calculated from measured half-hourly latent heat fluxes minus the 

forestt floor evaporation. Only periods with a dry canopy were selected to avoid 

evaporationn fluxes of intercepted rain. In total, 4048 half-hourly measurements remained 

inn 1995. The latent heat flux was measured at 30 m above the forest floor with a fast 

responsee Ly-Ot hygrometer and a sonic anemometer-thermometer system (Bosveld et al., 

1998).. With half hourly measurements, the random error amounts to 15 % of the flux 

(Bosveldd and Bouten, 1992) udth an additional offset of 5 \X' m 2. The forest floor 

evaporationn was simulated with the model of Schaap and Bouten (1997), who used a 
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Penman-Monteithh approach where surface resistance depends on the water content of the 

forestt floor. For the same forest they measured and modelled a maximum forest floor 

evaporationn of 25 VX' nv-. 

Halt-hourlvv values of meteorological driving variables were measured bv the Roval 

Meteorologicall  Institute of the Netherlands (KNMI ) on a 36 meter high guved mast. Short 

wavee incoming radiation was measured with a CM11 Kipp solarimeter. Ambient 

temperaturee and humiditv were measured with ventilated and shielded dry bulb and wet 

bulbb sensors at IS m above the forest floor. Wind speed was measured with a three-cup 

anemometerr at 36 m above the forest floor. The soil water mode! SWIF (Tiktak and 

Bouten,, 1992; Tiktak and Bouten, 1994), calibrated on soil water content measurements of 

thee same forest, was used to simulate dailv water contents of the forest floor and mineral 

soil.. To obtain representative water contents of the root /one, the simulated vertical water 

contentt profile was weighted with the root density. 

Analysiss wit h Artificia l Neural Networks 

Thee type of Artificia l Neural Networks (ANNs) applied is a feed-forward back 

propagationn (Haykin, 1994; Hecht-Nielsen, 1991) with three layers, an input, a hidden and 

ann output layer. The number of input and output nodes corresponds to the number of 

inputt and output variables, while the number of hidden nodes depends on the complexity 

off  the relationships between input and output variables. At each neuron, the input values 

aree biased and weighed by model parameters. A sigmoid transfer function for the hidden 

layerr and a linear transfer function for the output layer provide the non-linear capabilities 

off  the ANN. A properly calibrated neural network is able to approximate anv continuous 

(non-linear)) function (Haykin, 1994; Hecht-Nielsen, 1991), therefore neural networks are 

welll  suited to explore the residuals between model predictions and observations. The 

neurall  network parameters were optimised with the Fevenberg-Marquardt algorithm 

(Marquardt,, 1963; Demuth and Beale, 1994), which minimises the root mean squared 

errorss (RMSly) between measurements and model results. 

Whenn calibrating ANNs one has to cope with the flexible structure, local minima, 

overtrainingg and the high sensitivity to sets of calibration and test data (Morshed and 

Kaluarachchi,, 1998). Problems with local minima were solved by initialising the model 2(1 

timess with different initial parameter values. Sensitivity analyses proved that 20 

initialisationss were enough. Problems with overtraining and high sensitivity to outliers 

weree solved by using different sub-sets of data. The total data set was divided in 
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independentt sets for calibration and validation. The calibration data sets were randomly 

drawnn and contain 67 "A, of the total data set. An ANN was calibrated on a calibration set 

andd tested on the corresponding validation data set. In total 30 calibrations-validations 

weree carried out. The best run of the 20 initialisations was selected. Mean and standard 

deviationn were calculated from these best runs of the 30 sets. 

Approachh and Presentation of Results 

Thiss studv follows two main steps. In the first step the parameters or the SBL model 

aree calibrated on the eddy correlation data using the Simplex algorithm (Press et al., 1988). 

Subsequently,, the residuals between the predicted and measured transpiration fluxes are 

analysedd with ANNs to investigate if there are systematic deviations, which are correlated 

withh the environmental variables. The ANN analyses of the residuals are carried out using 

Windd direction (»"ƒ)), H, R,,, R,, D, T, DOV and 9 as input. 

Inn the second step, the main goal is to establish improved response functions to 

predictt optimal gs. To this end we use an iterative approach based on ANN analyses of the 

residualss between the SBL model and the observed transpiration. In the first iteration, 

onlyy the gc,Rf parameter of the SBL model is recalibrated on the data-set while all the 

reductionn functions in equation 6.3 are set to 1.0 and gn to 0.0. Because no reduction 

functionss are present in this version of the SBL model, the residuals between model 

outcomee (vi) and observations are large and are very- likely correlated with one or more 

environmentall  variables. Five ANN analyses are carried out to establish the response of 

thee residuals to variations of R̂ ,, D, T, DO V and 9. The strongest response is selected and 

addedd to the predicted transpiration by the SBL model (V2) and the predicted offset is 

transposedd to go. Subsequently, g, can be found by inverting the Penman-Monteith 

equationn with yi as transpiration flux. To obtain the functional shape of the new response, 

thiss gf(y\) is divided by the gs(yi)- After describing the response function in appropriate 

mathematicall  terms, it is incorporated in the SBL model of the first iteration. The SBL 

modell  is subsequently recalibrated for gc,rehgo and the parameter of the response function 

andd once again the residuals are analysed with AN N after which a response function is 

established.. This iterative improvement is carried out until no meaningful improvement of 

thee SBL model is obtained. 
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6.33 RESULTS A N D DISCUSSION 

Systematicc deviations of the residuals 

Kightt parameters of the SBL model were calibrated to fit the measurements (first 

columnn of Table 6.1. As found bv Bosveld and Bouten (1992) for the 1989 data set, no 

temperaturee response could be identified and therefore ay was fixed to zero. The shapes 

orr the four remaining response functions are plotted in Figure 6.1. 

Tablee 6.1: Root Mean Squared Frror (RMSF) and 

optimisedd tree parameters of the canopy 

conductancee model with different wind sectors. 

Windd Sector 

RMSF F 

&.™ t t 

g" " 

ai) ) 

ai. . 

a^ ^ 

aT T 

* B B 

(\VV m -) 

(mm s !) 

(mm s ]) 

(mbarr ') 

(-J J 

f\VV  m ) 

(-) ) 

(-) ) 

0-360° ° 

26.41 1 

18.11 K)-1 

0.500 KM 

0 . P2 2 

0.385 5 

260 0 

0 0 

22.4 4 

15-125° ° 

21.85 5 

13.88 10 ' 

0.555 10 5 

0.129 9 

0.320 0 

283 3 

I) ) 

30.0 0 

Improvementss in model fit of the eight ANN analyses are shown in Table 6.2 as 

percentagess or the original model fit. The ANNs with WD as input showed the strongest 

improvement.. This response together with the u response is further evaluated. Figure 6.2A 

andd 6.2B show residuals against // and IFD. In these figures, a positive residual means that 

thee SBF model underestimates the measurements. A clear systematic trend is not visible 

becausee or large random errors. Figure 6.2C and 6.2D show the trend found by the 

ANNs.. Dashed lines are the standard deviations, calculated from the best 30 AXNs, 

representingg the reliability of the trend. Responses that van' with wind speed and 

directionn reflect the variations in forest structure and species. Bosveld (199 ĵ determined 

differentt roughness lengths from wind profile relations for even' 3(1° wind sector for the 

19899 data set. He found deviant values in the sectors 210.330°, which he attributed to 
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DD [mbar] 

Rgg [W )) |m m 

Figur ee 6.2: Response functions to growth or Leaf Area Index f (DOY), Vapour Pressure Deficit 

fn(D),, Global radiation fĵ jTlg), Temperature fi'fT ) and soil water content fe(0). Lines are calibrated 

values.. Temperature response (fr) was not found and ar was fixed to zero. 

Tabl ee 6.2: Root Mean Squared Error (RMSE) of the 

SBLL model with different wind sectors, and 

improvementss of fits bv ANN in % of the original 

RMSE. . 

Windd Sector 

RMSE_SBL L 

ANN_u u 

ANN_WD D 

ANN_9 9 

ANN_D D 

\XN_Rg g 

ANNN 'I' 

ANN_DOY Y 

(Wm-2) ) 

(%) ) 

(%) ) 
- „ : : 

(%) ) 
(%) ) 

(%) ) 

f°'") ) 

0-360° ° 

26.41 1 

0.8 8 

LIS S 

1.1 1 

0.3 3 

0.3 3 

0.3 3 

0.2 2 

15-125° ° 

21.85 5 

0.5 5 

0.2 2 

1.2 2 

1.0 0 

0.4 4 

0.2 2 

0.1 1 
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Figuree 6.3: Residuals between model results and measured transpiration against wind speed (u) and 

windd direction (A and B). Systematic residuals against u and wind direction found by the ANNs (C 

andd D). Dashed lines are standard deviations of the 30 best runs. A positive fit  means that the 

originall  model underestimates the measurements. The scale of the A and B figures are 10 times 

larger. . 

otherr tree species. Although roughness lengths changed between 1989 and 1995, Figure 

6.2DD shows a constant residual in the wind sector 15-185° and tends to confirm a 

homogeneouss forest structure in that direction. With the data of this sector only, the 

AN NN analysis was repeated again with u and WD as input at the same time. Still an 

improvementt of 1.6% was found. The response found by the AN N (Figure 6.3) 

correspondss with the characteristics of the forest stand. The sectors above 125° are 

dominatedd by Scots Pine. The sector 50-125° has the largest fetch of the Douglas fir 

althoughh Figure 6.3 shows that the conditions are not constant. Bouten et. al (1992) found 

wetterr soil conditions for this wind sector at about 150 meter distance from the 

meteorologicall  tower. The underestimation by the model between 50-125° and high u can 

possiblyy be caused by these wetter conditions. As a result of this analysis, it is shown that 

variationss in forest structure can be derived from transpiration observations. 
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Figuree 6.3: Systematic errors found bv the ANN with wind direction and wind speed (u) as input 

usingg the data with wind direction between 15-185°. A positive value means that the SBL model 

underestimatess the measurements. 

Too reduce the effect of forest structure heterogeneity and with a focus on the source 

areaa of Douglas fir only we used data from the 15-125° wind sector for further analyses 

resultingg in a reduced data set of 1633 measurements. The SBL model was calibrated again 

(Tablee 6.1, column 2) and the ANN analyses were repeated (Table 6.2, column 2). Only a 

smalll  improvement in WD remained, indicating that the forest structure is sufficiently 

homogeneouss in the selected wind sector. The AN N response to 8 and D, which show 

thee largest improvements, are plotted in Figure 6.4. The trend in Figure 6.4A shows that 

thee model underestimates the transpiration at water contents between 0.067-0.088 m3 rrr 3. 

Thiss model underestimation cannot be caused by soil water stress reduction, because the 

initiall  soil water stress reduction point was set to 0.072 m3 nr \ Therefore, this systematic 

errorr must be caused by the interplay of environmental variables that lead to the evolution 

off  8. This interplay is caused by coupled environmental conditions, which are present in 

thesee kinds of monitoring data sets, as pointed out by Huntingford and Cox (1997) and 

Dekkereta l.. (2000). 

Thee relationship of the SBL model residuals and D shows a shift at l 7 mbar (Figure 

6.5B).. However, ANNs responses were not conclusive at higher water vapour deficits as 

reflectedd by wide uncertainty- ranges. A further reduction of the data set was therefore not 

considered. . 
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Figuree 6.4: Systematic trends of residuals against water content (0) and vapour pressure deficit (D) 

foundd by ANN on the reduced data set. Dashed lines are standard deviations of the 30 best runs. A 

positivee value means that the original model underestimates the measurements. Dots are mean daily 

values. . 

Optimisationn of canopy conductance responses 

Inn this step, improved response functions were established with an iterative approach 

too predict optimal £. In the first iteration, only the free parameter gCt„ t was recalibrated on 

thee reduced data set of Douglas fir (Table 6.3, first column). The R, response caused the 

strongestt reduction in the RMSE indicating that it is the most important controlling factor 

inn stomatal behaviour. The residual fit  found by the ANN is plotted in Figure 6.5A, 

dashedd lines are again the standard deviations, calculated from the best 30 ANNs, 

representingg the reliability of the trend. Figure 6.5B (left y-axis) shows the response 

functionn of the conductance, which is calculated for 30 classes of R .̂ The R,, response 

functionn shows a linear trend between 0 to 600 W m 2 with a slightly decreasing response 

att values above 600 W m 2. This decreasing response is caused by the interference of D. A 

highh D, which is correlated to a high R,, causes a lower response. As this response is not 

usedd yet we neglected the decrease in the R̂, response. As R̂  response, we used a piece-

wisee linear function, with a maximum at Rg > 600 NX' m2 (ai^,ml.x). Minimum R« response 

wass found at 0.5. To conform to commonly used response functions we rescaled the light 

responsee between zero and one (right axis in Figure 6.5B) while the remaining 

conductancee during night-time is optimised with go. Jarvis (1976) and Stewart (1988) both 

usedd a non-linear light response curve as shown in Figure 6.1C, which was suggested by 

plantt physiological studies carried out under controlled conditions. Our analysis, however, 

doess not support a non-linear light response curve for this forest. 
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Figur ee 6.5: (A) shows the ANN fit to Rj, during iteration 1. Dashed lines are standard deviation 

valuess of the 30 best runs. (B) shows the light response of the bulk stomatal conductance model by 

invertingg the Penman-Monteith equation with uncertainties (left Y-axis). Solid line is the functional 

shapee used as response function (right Y-axis). (C) and (D) functions with D (Iteration 2). (E) and 

(F)) functions with 9 (Iteration 3). (G) and (FT) functions with DOY (Iteration 4). Dots in (E) and 

(G)) arc daily mean values containing minimal 5 half-hourly measurements during daytime. 
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Inn the second iteration, the SBF model was optimised with  fii  and a^.,,,,^.. Results 

off  calibration and the ANN analyses are shown in Table 6.3. Strongest residual fit was 

toundd with D (Figure 6.5C). The high uncertainties at D > 25 mbar were caused bv the 

limitedd number or measurement points (29). The response function (Figure 6.5D) shows a 

similarr shape as the original one (Figure 6.1 B). The high uncertainty in the first constant 

partt is caused bv low transpiration fluxes. The uncertainty at high D seems small, 0.04 

(Figuree 6.3D, right axis), but the fluxes are high, resulting in a high uncertainty as shown in 

Figuree 6.5C 

Tabl ee 6.3: Results ot ANN analyses ot 5 iterations, for each iteration, the calibrated parameter 

yaluess and the Root Mean Squared Hrrors (RMSF) of the SBL model between modelled and 

measuredd transpiration is given. Five ANN analyses are carried out to establish the response of 

thee residuals of this calibrated SBL model to variations of K,, I), '1\ DOY And 9. RMSF errors of 

thesee ANN tits are shown in last 5 lines. Bold value is strongest response and new mathematical 

functionn ot this variable is incorporated in the SBL model. Then the iteration is repeated bv 

recalibratingg the parameters. 

gc.r„ „ 

8" " 

aR>,.I -1i ..x x 

an n 

AH H 

ai. . 

RMSF F SBF F 

lO'-ms-1 1 

1 0 'mm s-1 

WW m ^ 

mbarr ' 

--

--

\ \\ m-

3.8 8 

Iteration 2 2 

3.5 5 

0.91 1 

590 0 

--

--

Iteration 3 3 

13.2 2 

0.66 6 

578 8 

0.181 1 

Iteration 4 4 

13.4 4 

0.67 7 

595 5 

0.159 9 

0.360 0 

Iteration s s 

16.7 7 

0.68 8 

592 2 

0.191 1 

0.358 8 

0.353 3 

41.2 2 34.6 6 25.4 4 222 9 20.8 8 

RMSF_R,, W'm -

RMSF_DD Yvm -

RMSF„ 00 \X'm -

R M S F J 3 0YY  W m -

RMSI-::  T \X*m-

35.3 3 

40.5 5 

40.0 0 

41.0 0 
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Inn the third iteration, the SBF model was optimised with ^,r;/, >̂, a m̂ix and at). Results 

ott calibration and ANN analyses are shown in Table 6.3. Strongest response was found 

withh 9 (Figure 6.5F, 6.5F). Because G is constant during the day, only daily average values 

weree plotted in Figure 6.5F. Although there is some scatter in the conductance plot, the 
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soill  water stress response curve is almost identical to the original one and the reduction 

pointt was also found at 0.072 m3 m \ 

Inn the fourth iteration, the model was optimised withgt,rf/,gl> t na^,mi,x, an and a§ (results 

shownn in Table 6.3). Strongest ANN response was found with DOY (Figure 6.6G, 6.6H). 

Fromm these growth curves, we assume that shoot growth starts at DOY 130 and ends 

aroundd DOY 200. A linear decrease after DOY 200 as shown in Figure 6.ID was not 

found.. A systematic trend before DOY 130 could not be found due to a lack of data. 

Thereforee constant values are assumed before DOY 130 and atter DOY 200, while the 

steepnesss of the change between DOY 130 and 200 was used as free parameter. 

Inn the last iteration, the model was optimised with £iJeh ^ ai^,>/lix , an, a§ and a\, (Table 

6.3,, column 5). No clear improvements could be found by including 7' in the canopy-

conductancee model. In comparison with the first analyses, the irrational shape part of the 

00 curve (Figure 6.4A) and the shift at 17 mbar of the D curve (Figure 6.4B) from the first 

analysiss were not found anymore. This justifies the conclusion that both systematic errors 

weree caused by interdependencies among environmental variables, meaning that the 

iterativee approach, presented in this study, leads to a set of stomatal conductance response 

functionss without interdependencies. 

Thee improvement in model fit, from 26.41 to 21.85 due to the reduction of the forest 

structuree heterogeneity and from 21.85 to 20.82 W nr2, due to the new parameterisation 

mayy seem small. However the random error of half-hourly eddy correlation measurement 

wass estimated at a RMSF of 16.7 W m2 by Bosveld and Bouten (1992), 80 % of the total 

error.. As a result only an error of 4.1 W m2 remains to be explained. 

Thiss remaining error can be caused by measurement errors of the environmental 

conditions,, model errors of soil evaporation and soil water or by the wetter soil conditions 

att larger distance, as shown in Figure 6.3. 

Improvementss of the SBL model with this data set are not foreseen. As pointed out 

before,, high uncertainties in the ANN response was found at high D (Figure 6.5C) and in 

thee AN N response before DOY 130 (Figure 6.5G). Both uncertainties were caused by a 

lackk of data, meaning that these functions can be better estimated with more 

measurementss during these specific conditions. 
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6.44 C O N C L U S I O N S 

Artificia ll  Neural Ne two rks ( A N N ) show t rends in residuals between results of a forest 

t ranspi rat ionn model (SBL) and eddv corre lat ion measurements that were related to bo th 

w indd speed and wind direct ion. They were able to localise the source area of the fluxes of 

thee Doug las fir stand within a larger he te rogeneous forest w i thout using a priori 

knowledgee or the forest structure. After restr ict ing the data set to wind sect ions with 

h o m o g e n e o uss forest, the response funct ions of the canopy conduc tance model were also 

analysedd with A N N s in an iterative approach. T he analysis led to a piece-wise l inear light 

responsee curve with saturat ion at 600 \X" m 2 while only small changes for the o ther 

funct ionss were found. Systematic errors in the original model were caused by 

in terdependenc iess between env i ronmental variables. These errors were not found 

anymoree with the new parameter isat ions. T he m e t h od presented here, that used different 

sub-setss of data to calibrate and validate the A N N s, is able to trace systematic t rends even 

inn very' noisy residuals. 
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