
DET FORSTLIGE FORSØGSVÆSEN
I DANMARK

THE DANISH FOREST EXPERIMENT STATION 

STATION DE RECHERCHES FORESTIÉRES DE DANEMARK 
DAS FORSTLICHE VERSUCHSWESEN IN DÄNEMARK

B E R E T N I N G E R  U D G I V N E  V E D  
D E N  F O R S T L I G E  F O R S Ø G S K O M M I S S I O N

REPORTS — RAPPORTS -  BERICHTE

BIND XXXVIII
HÆFTE 3 

ISSN 0367-2174

I N D H O L D

A . Y d e -An d e r s e n  : Urea som middel mod rodfordærverangreb. 
(Stump Protection -with Urea against Fomes annosus in Norway 
Spruce). S. 207—217. (Beretning nr. 316).
H . H o l s t e n e r -Jø r g e n s e n : Gødningsforsøg i bevoksninger af 
Abies Nordmanniana benyttet til grøntproduktion. (Fertilization 
Experiments in Stands of Abies Nordmanniana Used for 
Greenery Production). S. 219— 237. (Beretning nr. 317).
J. Bo L a r s e n  og C h r . N ø r g å r d  N i e l s e n : Proveniensforsøg med 
contortafyr (Pinus contorta Dougl.) i Danmark. (Provenance 
Experiments with Pinus contorta in Denmark). S. 239—272. 
(Beretning nr. 318).
S ø r e n  A n d e r s e n , S ø r e n  F l . M a d s e n  and M a ts  R u d e m o : Exami
nation and Comparison of Tree-Volume Functions by Cross- 
Validation. (Undersøgelse og sammenligning af vedmassefunk- 
tioner ved hjælp af krydsvalidering). S. 273— 285. (Beretning 
nr. 319).
H. H o l s t e n e r -Jø r g e n s e n , H. B r y n d u m  og O. K j e r s g å r d : Gød
ningsforsøg i ældre rødgran. (Fertilizer Experiments in Rather 
Old Norway Spruce). S. 287— 329. (Beretning nr. 320).
O. K j e r s g å r d : Gødskning i en Chamaecyparis Lawsoniana be
voksning. (Fertilization in a Chamaecyparis Lawsoniana Stand). 
S. 331—335. (Beretning nr. 321).

KØBENHAVN 

TRYKT I HANDRUPS BOGTRYKKERI 

1982



EXAMINATION AND COMPARISON 

OF TREE-VOLUME FUNCTIONS 

BY CROSS-VALIDATION

U N D E R S Ø G E L S E  OG S A M M E N L I G N I N G  
AF YE DM ASSE F U N K T I O N  ER 

V ED HJÆLP AF K R Y D S V A L I D E R I N G

BY

SØREN ANDERSEN*), SØREN FL. MADSEN**) 

AND MATS RUDEMO*)

*) Department of Mathematics and Statistics, The Royal Veterinary 

and Agricultural University, Copenhagen.

**) Faculty of Forestry, The Royal Veterinary and Agricultural University, 

Copenhagen, and The Danish Forest Experiment Station, Klampenborg.



275

1. INTRODUCTION 

Construction of volume tables, i.e. tables giving the volume v of a tree 

from measurements of its height h, diameter d at breast height and perhaps 

other supplementary variables, have a long tradition in forest science. Now

adays this is usually done by means of a multiple linear regression model 

of the form
y =  ßo +  ßixi +  • • • +  ßkxu +  3 >

where x15 . . ., xk are suitable functions of h, d, etc. and where y equals v, 

log v or some other function of the volume such as the form factor f =

71
v / (—d2h). The problem discussed in this paper is comparison of algorithms

for construction of volume tables, in particular comparison of regression 

models. The models, which are compared, may differ both with respect to 

which variables that are included in the right member and with respect to 

which variable that is used as y.

2. VOLUME FUNCTIONS

The model
log v =  ß0 —J— ßj log d -f- ß, log h (1)

has been used by Schumacher and Hall (1933) and many others ever since. 

The model was studied in detail by Fog and Jensen (1953), who found that 

the level ß0 varies from stand to stand, while ß± and ß2 may be regarded as 

constants. The variability between stands has further been analysed as a 

function of mean stand diameter D and height H by Henriksen (1953) and 

as a function of age by Olsen (1976), who also added a term ß3 log h/(h-1.3) 

to (1). For notational simplicity the model error e is left out from the right 

member of (1) and also from other models in the sequel. The model (1) 

will be analysed in Section 5 below7 together w'ith the extensions

f ß„ +  ß1 lo g d + ß 2 lo g h , d <  20, 
log v =  J (2)

[ ß,,' +  ß/ log d +  ß2' log h , d > 20 ,

where the unit of d is cm, and

log V  =  ß0 -f ßx log d +  ß2 log h -f ß3 log h/(h-1.3) +

+ ß4 log D +  ß5 log H ,
(3)

where h is measured in m. The extension (3) of (1) is motivated by con

siderations in Henriksen (1953) and Olsen (1976).



276

The form factor model

f =  ß0 +  (j.d-1 +  ß2h-i (4)

with various modifications and extensions may be found in Eriksson (1973), 

who builds upon earlier works by Näslund  (1940, 1947). A rather compli

cated extension of (4), including a logarithmic term,

is used by Kennel (1966) for Norway spruce. In Section 5 we shall also 

analyse the form factor model

which was obtained by a stepwise regression analysis routine applied to 

the data described in Section 4. The variables in (6) were selected by the 

stepwise routine from a set consisting of 30 variables. A ll these variables 

were functions of d and h.

The preceding short survey of volume functions for total tree- or stem- 

volume is indeed not complete. However, the models considered have shown 

successful in connection with their respective basic materials. Here, they 

will be used to form a background for the choice between different models 

in connection with the cross-validation technique described in Section 3 

and a new basic material described in Section 4 below.

Let us also briefly review methods for choice between different models. 

For two nested models, i.e. two models such that one of them is an exten

sion of the other, conventional statistical tests may be employed. Thus 

Fog and Jensen (1953) used F-lests to decide that ßx and ß2 in (1) do not 

vary significantly between stands. W ith respect to comparison of regression 

models with different dependent variables, one method is to transform 

before computation of residuals, e.g. log v models into f models, cf. Section 

5 below7. Another method for comparison of volume functions is suggested 

by Furnival (1961), where an index is derived from likelihood conside

rations.

Closely related to comparison of models is check of one model. Often 

the same material, that is used for model choice and parameter estimation, 

is exploited also for such a validation. Thus Näslund (1940, 1947) used the 

same data for both purposes. In particular the models are checked in the 

following two ways. Firstly bias is computed after grouping of the data 

into diameter and height classes. Secondly, Näslund compares measured 

total volumes for each of some plots w ith the volumes computed by use of 

the volume functions applied to all the trees investigated on these plots. 

The volume differences thus obtained are fairly small, but still larger than

f =  ß„ +  ß.d-1 +  ß^-1 +  ß3d-2 +  ß4d - ^  +
(5)

+ ß ^ h - 1 +  P.(log d )2

f =  ß0 +  ß ^ h - i  + ß2d-2h-3 +  ß^dh-1 + ß4 log d (6)
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would have been expected if the volume function errors within a plot were 

independent. A further analysis of within and between plot errors may be 

found in Hagberg and Matérn (1975) and Olsen (1976) with estimates of 

the corresponding variance components. The fact that most data sets used 

to construct volume tables have such a plot structure and that errors within 

plots are correlated, makes it necessary to view7 tests and confidence inter

vals derived from regression models in connection with volume functions 

w'ith care. This problem will be discussed further in Sections 5 and 6.

The most satisfactory method for checking a model with estimated para

meters or for comparison of several such models is presumably to apply 

the model or the models to new data sets. In the next section we shall 

describe a procedure, cross-validation, which simulates such a validation. 

In cross-validation, we systematically leave out parts of the data during 

parameter estimation and then use these left out parts for checking.

3. CROSS-VALIDATION 

Suppose that our data consists of pairs z =  (X,y), where typically y is 

the volume or form factor of a tree, and X =  (xlt . . ., xk) consists of 

various functions of tree diameter, height, etc. as in the models considered 

in the previous section. Suppose further that our data consists of m groups 

with n. pairs Zj. =  (Xy, y^), j =  1, . . ., nls in group no. i, i =  1, . . ., m. For 

instance, i may denote stand or plot, and j may denote tree. Let 

Z  =  (zjj, i =  1, . . ., m, j =  1, . . ., ns) denote the entire data set and let

y =  f(X ,Z)

be a predictor determined by use of our data Z. We call f(X ,Z) a predictor 

because it is used to predict y for a new pair (X,y), when we know X but 

not y. Further, Z  in  included in the notation f(X ,Z) for the predictor to 

accentuate that Z  is exploited in the construction of the predictor. For in 

stance, the predictor may be derived from a linear regression model, i.e.

y =  ßo +  ßixi +  • • • +  ßkxk
with the parameter estimates ß,„ . . ., ßk computed by least squares from Z. 

It should, however, be emphasized that f(X ,Z) may stand for any algorithm 

to determine a predictor, in our case a volume function or volume table, 

from the data. Thus in connection with regression models, in addition to 

parameter estimation, the algorithm might include choice of which variables 

to include in the model, if this choice is made by use of the data.

Suppose now that our predictor is intended to be used not so much for 

new individual pairs as for new groups of pairs, corresponding to the group 

structure of our data. To validate the predictor f(X ,Z) it would then be 

natural to study its performance for a set of new groups if such groups
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were available. Often, however, we want to use all our data for construction 

of the predictor and none are left for validation. Then cross-validation, cf. 

Sione (1974), Geisser (1975) and Hosteller and Tukey (1977, pp. 36— 40), 

may be used as a substitute in the following way.

Let Z . denote our data with group i excluded and let f(X,Z.) denote the 

predictor determined from Zj. Thus parameter estimates included in f(X,Zj) 

are determined without the use of the data of group i. Then

v1 (y . j- ^ X s j .Z , ) ) * ,  (7 )

Di j =  l

or some other measure of the deviations between y a n d  the predictor 

yij =  f(X ij,Z1), may be used to check the performance of our predictor for 

group i. We shall call the differences y,j —  f(Xjj,Z j) cross-validation resi

duals and Cj the cross-validation deviation for group i. If we replace Z i in 

(7) with Z  we just get the ordinary residuals and the usual standard devia

tion s. for group i, given by

Si2=  —  v (y ,j- f(X y,Z ) ) a. (8)

ni j =  l

Here we disregard possible degrees of freedom corrections. As we shall see 

in Section 5, the effects of using Zj instead of Z can be quite large. To 

obtain the cross-validation residuals, the parameter estimates must be com

puted as many times as there are groups. Hence the computations may be 

extensive if there are many groups, but they are usually surmountable by 

use of computers.

To get an index of the performance of a predictor, and to compare pre

dictors, we can compute a weighted or unweighted average of c/%.. ., cm2, 

but often there is also important information in the individual Cj values, 

e.g. if one predictor performs especially poorly for some groups.

4. MATERIALS AND METHODS

To study the cross-validation method described in the previous section, 

it was applied to an ash tree material consisting of 453 trees. A more com

plete analysis of the material will be given elsewhere, and the description 

here is therefore brief. The trees were taken in the period 1907— 1980 from 

the permanent sample plots of the Danish Forest Experiment Station. The 

trees come from 22 plots, cf. Table 2 below, and, for most of the plots, 

measurements were performed at several ages (years) with a maximum of

9 ages. The number of trees measured at each age varies from 1 to 20 and 

the number of trees per plot varies from 3 to 68.
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For each tree the measurements include breast height diameter d, tree 

height h and stem volume v. For each measurement the age of the stand 

and the mean stand diameter D and stand height H were also obtained.

As can be seen from the description above, the material is nested with 

three levels, plots, ages and trees, and it is heavily unbalanced. In the com

putations below, we shall for simplicity essentially disregard the age struc

ture and only use plots as groups, but of course the correct D and H values 

for each age w'ill be used in models containing these variables.

The cross-validation method described in Section 3 was applied for the 

models (1)— (6) with parameters estimated by least squares. The results 

are given in the following section.

5. RESULTS

For the models (1) —  ((3) simple regression analyses, without conside

rations of the nested structure of the data, gave residual mean squares s2, 

which appear from Table 1. As the models (1)— (3) have log v, where log

T a b l e  1. Roots of residual mean squares for different models. 
T ab  e l 1. Restspredning (s) med forskellige modeller.

Model (1) (2) (3) (4) (5) (6)
Dependent variable
Afhængig variabel

log V log V log V f f f

1000 s 72.97 68.65 61.31 33.35 32.63 32.43

denotes natural logarithm, as dependent variable and (4)— (6) have the 

form factor f as dependent variable, the s-values are only comparable within 

these groups. A rough comparison can, however, be made if we divide the 

s-values of models (4) —  (6) by the overall mean of the f-values for the 

453 trees, which is f =  0.526. Models (2) and (3) are extensions of model 

(1) and model (5) is an extension of model (4). Hence formal F-tests can 

be made for comparisons of models (1) and (2), (1) and (3), and (4) and 

(5) by use of the results in Table 1. Thus for a test of model (4) against 

model (5) we get

F =  (450 • 33.352 —  446 • 32.632)/(4  • 32.632) =  6.02

with 4 and 446 degrees of freedom in the numerator and the denominator. 

The three tests all suggest that the more complicated models give signif

icantly better descriptions of the data than the simpler models. However, 

as one of the basic assumptions for .a valid application of such F-tests, 

namely independence of the model errors for the models (1)— (6), is not 

satisfied due to the nested structure of the data these tests are of limited 

value.



T a b l e  2. Form factor cross-validation deviations (c) and standard deviations (s) for plots. The table shows c- and 
s-values computed from (7) and (8) and multiplied by 1000. For each plot, the smallest cross-validation deviation is

printed in italics;
T ab  e l 2. Prøvefladevise formtalsspredninger ved forskellige modeller bestemt med krydsvalidering (c) og som normale 
standardafvigelser (s). Tabellens tal er beregnet af formel (7) og (8) og er her multipliceret med 1000. Mindste kryds-

valideringsspredning for hver prøveflade er anført i kursiv.

Plot

Prøve

flade

No. of 

measure
ments 

(ages) 

Antal 
målinger

Total 

no. of 
trees

Antal

træer

(i)

C S

(2) 

c s

(3)

c s

Model

(4)

c S

(5)

C S

(6)

C S

FA 3 19 36,6 36.4 33.4 33.3 34.0 34.0 34.4 34.3 35.0 34.8 34.7 34.7
FK 7 59 36.8 35.1 32.4 30.9 28.2 27.2 30.5 29.9 29.6 29.3 29.2 29.0
FKA 5 17 42.4 39.4 53.1 45.2 37.5 35.1 49.9 46.6 44.3 38.4 40.8 39.0
FO 2 15 40.5 39.5 52.7 44.6 52.4 46.9 46.4 45.1 52.1 45.3 51.3 45.8
FQ 1 5 24.5 24.4 37.6 36.9 26.6 26.3 29.9 29.7 28.6 28.2 29.5 29.2
FR 1 5 33.2 33.2 39.0 38.1 33.0 32.6 36.0 35.9 38.8 38.5 41.0 40.3
FY 2 9 43.8 42.8 51.7 48.4 35.0 34.7 39.4 39.3 40.6 40.4 40.7 40.5
FZA 2 5 57.5 56.4 51.5 50.3 59.4 58.3 54.5 54.0 66.1 63.8 64.3 63.1
FZB 2 3 49.2 48.9 42.9 42.6 35.6 35.1 39.4 39.2 45.6 44.8 44.3 44.1
FZC 2 6 37.8 37.6 36.6 36.6 45.6 45.2 39.8 39.6 44.4 43.7 44.0 43.5
FZD 1 4 20.3 2 0 . 2 25.0 24.8 22.7 22.2 26.9 26.7' 31.1 30.7 31.7 31.3
LA 3 45 96.8 68.2 81.6 53.4 51.6 36.4 48.0 37.5 277.6 33.2 218.1 33.0
LC 9 68 32.3 31.7 37.5 34.0 30.1 29.1 32.2 30.9 30.9 29.5 30.8 29.7
LD 8 42 33.9 33.8 31.5 31.2 32.0 31.7 31.0 30.9 31.3 31.0 30.6 30.6
LE 8 42 34.0 33.0 29.9 29.4 28.8 28.5 29.9 29.8 29.9 29.7 29.1 29.0
LJ 6 42 34.1 32.8 32.2 31.1 29.6 28.9 30.0 29.5 28.8 28.6 28.4 28.2
LUI 1 12 27.2 27.0 20.7 20.5 24.4 24.1 23.9 23.8 26.4 26.2 25.8 25.7
LU2 1 12 35.4 34.6 31.4 30.7 27.9 27.3 29.9 29.5 26.7 26.4 26.5 26.1
LU 3 1 6 39.2 39.0 34.6 34.4 30.8 30.7 34.3 34.3 34.7 34.6 34.1 34.1
LV 2 25 26.4 26.1 25.0 25.0 25.8 25.7 25.0 25.0 25.4 25.3 25.4 25.4
CP 1 3 54.0 53.4 42.1 41.4 33.9 33.4 39.2 38.8 38.2 37.7 36.5 36.2
CQ 4 9 50.8 48.5 41.5 39.2 35.3 33.7 41.8 40.7 39.9 37.9 40.3 38.2

RMS (Root mean square)
Gennemsnitlig restspredning

43.1 39.8 41.3 37.4 35.8 34.0 36.9 35.8 69.8 36.4 59.1 36.3

RMS with LA excluded
Gennemsnitlig restspredning uden LA

Median
Median

38.8

36.7

38.0

35.8

38.3

37.0

36.5

35.5

34.9

32.5

33.9

32.2

36.3

34.4

35.7

34.3

37.9

34.8

36.6

33.9

37.3

34.4

36.5

33.6
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Using the procedure described in Section 3 with y equal to the form 

factor in (7) and (8), we get for the models (1)— (6) the cross-validation 

deviations Cj and standard deviations Sj, i =  1, . . 22, in Table 2. Note that 

the models (1)— (3) give predictors for log v which are transformed to 

predictors of the form factor before substitution in (7) and (8). If the data 

had consisted of trees from only one measurement (age) for each plot, it 

might have been more natural to consider the stand form factor and thereby 

the total volume for each plot in the cross-validation, cf. the second vali

dation procedure of Näslund  (1940, 1947) described in Section 2. The 

present choice of C; as criterion in the cross-validation corresponds most 

closely to a situation where the volume table is used for prediction of indi

vidual form factors and thereby volumes of single trees from a new plot.

Several conclusions can be drawn from Table 2. The most conspicuous 

feature is presumably the large cross-validation deviations for plot LA with 

models (5) and (6). A closer examination of the data shows that it is par

ticularly the 15 trees from the first measurement on plot LA that are 

responsible for the large deviations. In fact, if we compute C;-values from 

(7) with only these 15 trees we get for models (5) and (6) the cross-vali

dation deviations 468 and 365. Further, both model (5) and (6) systema

tically underestimate the form factors of the 15 trees. At the first measu- 

ment the mean diameter of plot LA is 2.9 cm and for the other plots, the 

smallest mean diameter at any measurement is 4.9 cm. Thus, in the cross- 

validation we make a pronounced extrapolation for plot LA, and this turns 

out to be especially adverse for models (5) and (6). An explanation may 

be that these models contain several x-variables, which are functions of 

only two basic variables, namely h and d, and this may give fairly hjigh 

correlations among the x-variables. A similar effect is well-known in con

nection w'ith polynomial regression, where we can expect a close fit to data 

with high degree polynomials, which, how'ever, often perform poorly when 

we extrapolate. As further discussed in  Section 6, the cross-validation 

deviations for plot LA should be interpreted with care, but at least they 

strongly suggest, that it is dangerous to use models (5) and (6) for extra

polation outside the material used to estimate their parameters.

In Table 2 we have also computed medians and RMS-values, i.e. roots 

of the sums of squared cross-validation deviations and standard deviations 

divided by the number of plots. As the plots are so different, we have chosen 

not to compute any confidence limits for the medians and the RMS-values, 

or to make any formal tests between models. From an inspection of Table 2 

it is, however, obvious that model (3), which is the only model that con

tains mean stand diameter and stand height, performs best on the average. 

In fact, with respect to cross-validation deviations it is the best model for 

10 out of the 22 plots. On the other hand, model (5), which from the pre-
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vious formal F-test should be better than model (4), shows no such advan

tage in the cross-validation, even if w7e exclude plot LA.

If we compare differences between cross-validation deviations and stan

dard deviations in Table 2 we see that if we exclude plot LA, the differences 

are comparatively small but some systematic tendencies may be noted. Thus 

they are all positive, and if we look at the increase from standard deviation 

to cross-validation deviation, 19 of 22 plots give a larger increase for model 

(5) than for model (4); i.e. the difference between cross-validation resi

duals and ordinary residuals is more pronounced for the more complicated 

model of these two.

Summing up our discussion of Table 2, we can say that model (3) seems 

to give the best ability to describe observations from new plots among the 

models studied, while model (6) and, in particular, model (5) seem to give 

an overfit for the present data.

It should here be emphasized that our purpose in this paper is to discuss 

the cross-validation technique and not to make any conclusive evaluations 

of the different volume functions (1)— (6). Such conclusions must be based 

on a larger data set than the present ash tree material.

In Table 2 w'e have computed cross-validation deviations Cj for plots. 

One could also make a more detailed analysis of the cross-validation resi

duals, and for each plot compute the mean, which gives the plot bias and 

the average squared deviation from the mean. For the present ash tree 

material it is further instructive to break down plot variability by com

puting cross-validation deviations for combinations of plots and measure

ments (ages) as briefly discussed above for plot LA, but the resulting table 

is too extensive to be included in this paper.

6. DISCUSSION

The object of the present paper is to describe how cross-validation can 

be used as a diagnostic tool and as a criterion in comparison and checking 

of methods for construction of volume tables. If the cross-validation de

viations are not very different from the standard deviations computed from 

ordinary residuals it is an indication that the corresponding model is rela

tively stable with respect to predictions. In choosing the groups which are 

systematically deleted, it is important to consider how the volume table 

should be used. The choice of plots as groups corresponds to a typical appli

cation, where the table is used to compute volumes of trees from a new 

plot. Particularly, if we construct a volume table by application of a regres

sion model, which we know is not valid for data with a plot structure, it 

seems important to have a check procedure which is close to the intended 

use.
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In an assessment of cross-validation, it must on one hand be recognized 

that new plots, w ith other principles of treatment, other provenances, etc., 

may produce larger deviations than those found bj' cross-validation of the 

existing basic material. On the other hand, it must also be recognized, that 

the predictors, used in the computation of the cross-validation residuals, 

are not based on the full material, and hence they may give too large de

viations. Especially, if we have a basic material, where one group is well 

separated from the other groups, e.g. sample plot LA in our material, the 

predictors computed without the use of this group may, e.g. for small 

diameters, be rather different from predictors computed from the full mate

rial. Thus the cross-validation deviations of plot LA in Table 2, rather than 

giving meaningful estimates of volume function errors, indicate how vul

nerable the six methods are to extrapolation.

Of course, the value of cross-validation rests on the assumption that 

the basic material is reasonably representative for the intended use of the 

function. Further, it should be combined with an evaluation of the volume 

functions from biological principles and more generally a judgement of 

whether the functions make sense from a logical point of view. In the 

present case such an evaluation would tend to support say model (3) in 

favour of models (5) and (6) as model (3) contains some plot information 

not used in (5) and (6), and perhaps also model (4) compared to models 

(5) and (6) in view of the simplicity of (4).

The averaging of cross-validation residuals over plots used to obtain the 

figures in Table 2, is not the only possible one. Suppose that we compute 

cross-validation residuals as described above, i.e. for each tree we leave 

out the corresponding plot. After computation of these residuals, we can 

group the trees in other ways. We can for instance group them in diameter 

and height classes and average the cross-validation residuals for these 

classes. This would correspond to the first validation method of Näslund  

(1940, 1947), which was discussed in Section 2. The only difference com

pared to Näslund’s validation would then be that, instead of ordinary resi

duals, w7e use cross-validation residuals. It should, however, be noted that 

if some diameter and height classes contain trees from only one group, use 

of cross-validation residuals may give too large error estimates for these 

classes.

The use of cross-validation for model choice and evaluation is of course 

not restricted to choice of volume functions. Another example of natural 

applications in forestry would be choice of functions for stand height 

curves, see for instance Fit je and Vest jordet (1977).
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SUMMARY

A method for examination and comparison of tree volume functions by cross- 
validation is described. The idea is to exclude trees from one plot, to compute 
parameter estimates by use of the remaining data and then to look at the de
viations between predicted and measured volumes for the trees of the plot just 
excluded. Carrying through such computations for all plots, we get a description 
of the power of the volume functions to predict the volumes of trees from new 
plots, which corresponds to the typical use of volume functions in applications. 
The basic material is hereby supposed to be reasonably representative for the 
intended use of the functions.

DANSK SAMMENFATNING 

En metode til undersøgelse og sammenligning af volumenfunktioner ved 
hjælp af krydsvalidering beskrives. Idéen er at man udelader træer fra en prøve
flade, beregner parameterestimater ved hjælp af del resterende materiale, og der
efter ser på afvigelser mellem predikteret og målt volumen af træerne på prøve
fladen. Gennemløbes alle prøveflader på denne måde, får man en beskrivelse af 
volumenfunktionernes evne til at prediktere volumen af træer på nye prøveflader, 
hvilket sædvanligvis er formålet når funktionerne bruges i praksis. Grundmate
rialet forudsættes herved at være rimelig repræsentativt med henblik på funk
tionernes anvendelsesområde.
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