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To determine the need for early tending of Norway spruce (Picea abies L.) stands, the effects of soil texture, site
vegetation type, method of soil preparation, and stoniness and wetness of the stand were analysed. The data were collected
from 3-year-old Norway spruce plantations in southern Finland. Many site attributes markedly affected the need for
early tending. Nevertheless, classification of individual stands according to site characteristics was poor, even with state-
of-the-art machine learning classifiers. To ensure correct identification of need for early tending in Norway spruce
plantations, a survey of recently established stands is recommended.
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Introduction

In Finland, the regimen for tending of coniferous
stands and the role of work science and technology
in tending have been discussed intensively (Immon-
en 2003, Kiljunen et al. 2003, Schildt, 2003, Harstela
2003). Current silvicultural instructions (Hyvdn met-
sdnhoidon... 2001) provide rough guide-lines for tend-
ing, but the effect of variation in site characteristics
is poorly understood. Moreover, different tending reg-
imens on different sites have been studied very little,
and therefore the effect of these regimens is poorly
known. Issues affected by the timing of tending are,
for instance, work productivity, sprouting of cut broad-
leaved trees, growth of sprouts, and need for clearing
before first commercial thinning. The intensity of tend-
ing also affects the above-mentioned issues.

The general effects of tending and the competi-
tion caused by secondary stems in the stand are,
however, well known. The height and diameter incre-
ment of Norway spruce seedlings usually decrease due
to densely growing secondary broad-leaved trees that
have faster early development than spruce (Walfrids-
son 1976, Pukkala 1981). In most spruce plantations,
tending only once before the first commercial thinning
may be enough; but, especially on most fertile sites
and on areas suffering from excessive soil moisture,
tending twice is needed. Early tending may be done
either as total cleaning, removing all secondary stems,
or as point cleaning, removing only secondary stems
within a certain radius around the primary stems. In
this paper, the term “early tending” is used for clear-

ing spruce stands from secondary broadleaved trees
3 to 6 years after planting. The method of early tend-
ing, however, is not discussed here.

Non-industrial private forest (NIPF) owners, who
dominate forest ownership in Finland, live away from
their forest property more often today than previous-
ly (Karppinen et al. 2002.). In the future, this trend is
expected to continue. The interest of NIPF landown-
ers in their forest properties may also decrease. Thus,
in many cases follow-up of the development of recent-
ly established stands may not be as easy as before.
To provide decision-support for the forest owner, pre-
diction of the need for tending in young stands should
help them concentrate the follow-up inspections to the
stands most likely to need tending. A survey of re-
cently established stands is a good way to determine
the need for tending but naturally, this causes addi-
tional costs. However, there are other reasons for such
a survey, like quality assessment of stand establish-
ment for determining the density of the stand. In such
a quality survey, the need for early tending could
easily be observed at the same time.

The main aim of this study was to test, which site
factors affect the need for early tending in Norway
spruce plantations. A further aim was to determine
whether there are means to predict the need for early
tending for an individual stand. Such information
could be helpful, for example, for a stand-establish-
ment service provider as decision-support for after-
sales marketing. The basis of classification was infor-
mation that can be obtained already at the time of stand
establishment.

I 2004, Vol. 10, No. 2 (19) I  (SSN 1392-1355 [

56



BALTIC FORESTRY

I PREDICTION OF NEED FOR EARLY TENDING IN NORWAY SPRUCE PLANTATIONS I . <UUNEN

Material and methods
Survey data

The material used for the study was a data set from
a survey of 3-year-old Norway spruce plantations (Sak-
sa et al., 2002). The data are measurements taken from
actual plantations in NIPF forests in southern Finland.
The minimum area of a stand was 0.5 hectares. The
measurements were carried out on circular sample plots
located systematically in the stands. The key infor-
mation from the survey is presented in Table 1. In every
stand, 15...20 sample plots were surveyed. The area
of each sample plot was 20 m?; i.e. the radius of the
plots was 2.52 m. For every plot, the following varia-
bles were recorded: soil texture class, vegetation site
type, number and height of primary and secondary
stems. Vegetation site type classification is based on
the Cajander’s (1909) theory. The need for different
management operations was also assessed, and pos-
sible weakening of the regeneration result due to stony
or wet conditions was recorded. More detailed infor-
mation on the data collection has been presented by
Saksa et al. (2002).

Table 1. Key information in the data.

Proportion of stands determined

to require early tending 0.59
Number of stands surveyed 1473
Total survey area, ha 2618.1
Average size of stand, ha 1.79

Before the analyses, the data were processed to
remove unusable cases, which were those collected on
sites prepared by an unknown method. The sample-
plot data were converted to create the variables for
the stand-level analysis (Table 2). Peatlands were clas-
sified according to the forest site types with the most
similar yield potential. For testing differences between
different attributes in relation to the determined need
for early tending, cross-tabulation was used. To test
significances between attribute classes, a chi-square
test was used.

Table 2. Variables of the survey data used in sample plot
and stand levels. Boolean variables are indicated by (B).

Need for early tending (B)
Dominating site type class
Dominating soil texture class
Stony area >20% (B)

Wet area >30% (B)

Main method of soil preparation

Machine learning and classification

To classify the data according to the observed
need for early tending, nalve Bayes (NB) and J4.8
machine-learning algorithms were used. The software
used was WEKA 3-3-4 (Waikato Environment for
Knowledge Analysis), developed at the University of
Waikato, New Zealand (Kirkby 2003). WEKA is an
open-source software issued under GNU licence at
www.cs.waikato.ac.nz/~ml/weka.

For every classification run, the data set was split
in half. One half, the training data, was used for con-
structing the model for classification and the other half
for testing the constructed models. The testing data
set was picked out randomly from the whole data set,
but was the same for every machine-learning run.

A nalve Bayesian network (Figure 1) is a simple
structure in which all random variables representing
observable data have a single common parent - the
class variable. In this case the class variable was the
observed need for early tending. The nalve Bayes
model assumes that given a class C=j, the attributes
X, are independent (Hastie et al. 2001):

P

£ =11 frx0).
k=1

In general, this assumption is not true. In the data
used in this study, for example, the soil texture and
method of soil preparation are strongly dependent on
each other. Although the individual estimates of class
density may be biased, the bias still might not affect
the posterior probabilities as much (Hastie ef al. 2001).

Figure 1. The principle of naive Bayes.

In the machine learning of the NB structure, the
classifier learns the conditional probability of each
attribute X, given the label C in the training data. Clas-
sification is then done by applying Bayes rule to com-
pute the probability of C given the particular instan-
tiation of X, ..., X, (Friedman & Goldszmidt 1996). The
learner estimates the required probabilities by calcu-
lating the corresponding frequencies observed in the
training set.

The J4.8 classifier, also used in this study (Wit-
ten & Frank 2000) is actually an improved Java coded
version of the widely used C4.5 classifier (Quinlan

I 2004, Vol. 10, No. 2 (19) N (SSN 1392-1355

57



BALTIC FORESTRY

I PREDICTION OF NEED FOR EARLY TENDING IN NORWAY SPRUCE PLANTATIONS NI . </UUNEN

1993). The principles of the algorithms are the same
(Witten & Frank 2000). C4.5 and J4.8 produce pruned
decision trees having the attributes Xi in the stem and
branches, and predicted classes as values in the leaves.

The algorithm examines each attribute by evalu-
ating the likelihood that it will improve the overall
decision performance of the tree. J4.8 is based on a
node-splitting entropy function that works by reduc-
ing the degree of randomness in the current node.
While constructing the tree of J4.8, the following en-
tropy function is minimized when constructing the tree:

c
E(n)= Y= p;(C=C; Imlog: p;(C=C;In)
Jj=1

where

n=set of cases

E(n) = entropy in the set n

C=class variable

Pj=pr0bability that a case belongs to class ¢

Decision trees are pruned by replacing a whole
subtree by a leaf node (Quinlan 1993). The subtree is
replaced if a decision rule establishes that the expect-
ed rate of error in the subtree is greater than that in a
single leaf. Thus, those parts of the tree that do not
contribute to the accuracy are removed.

Results
Cross-tabulation

The site classes had some effect on the need for
early tending (Table 3). The significance of the differ-
ences was p=0.06. The need for tending decreased
slightly as the fertility of the site decreased. The veg-
etation site classes are from the poorest to the most
fertile: VT = Vaccinium type, MT = Myrtillus type,
OMT = Oxalis-Myrtillus type and OMaT = Oxalis-
Majanthemum type (Cajander 1909). The number of
instances in the highest fertility class (OMaT) was
small, making inference more difficult.

Table 3. Need for early tending in different site classes.

OMaT OMT MT VT
Not needed 4 161 434 10
Needed 4 289 570 14
Sum 8 450 1004 24
Proportion early tending needed 0.50 0.64 0.57 0.58

Soil texture classes differed significantly (p<0.01)
in relation to the need for early tending (Table 4). In
mineral soils the finer the texture was, the higher was
the proportion of plantations needing early tending.
Peatlands also had high proportion of stands need-
ing early tending.

Table 4. Need for early tending in different soil textures.

Fine-
Coarse ~ Medium  grained Peat
Not needed 17 447 126 19
Needed 23 583 233 38
Sum 40 1030 359 57
Proportion of early tending needed  0.58 0.57 0.65 0.67

The need for early tending also differed signifi-
cantly (p<0.01) among stands with different methods
of soil preparation (Table 5). Mounding resulted in the
largest proportion of stands with a need for early tend-
ing. The mounded sites in this data are mostly ditch-
mounded; however, no distinction from other mound-
ing methods is made. Patch-scarification and disc-
trenching differed little from each other and from
stands with no mechanical site preparation.

Table 5. Need for early tending with different methods of
soil preparation.

No preparation Patching Disc-trenching  Mounding

Not needed 41 191 334 39
Needed 62 270 401 135
Sum 103 461 735 174
Proportion of early

tending needed 0.60 0.59 0.55 0.78

Machine learning

The prior probabilities of NB model learned from
the training data are shown in Tables 6 and 7. Not all
the joint probabilities of such a number of variables
cannot be presented concisely and thus not present-
ed here. Their clear presentation actually requires the
use an interactive system like a computer programme.

Table 6. Prior probabilities in the training data split for cases
where early tending was not needed (41.1% of the cases).

Soil preparation no_preparation:6.1 patch: 32.3 disc-

trench: 51.6 mound:10.0

Site type OMaT: 0.6 OMT: 22.6 MT: 73.9 VT: 2.9
Soil texture coarse: 2.6 medium: 74.8 fine: 19.0 peat: 3.5
Stones>20% False: 98.7 True: 1.3
Wet>30% False: 99.7 True: 0.3

Table 7. Prior probabilities in the training data split for cases
where early tending was needed (58.9% of the cases).

Soil preparation no_preparation: 6.9 patch: 32.5 disc-trench:

42.6 mound: 18.0

Site type OMaT: 0.7 OMT: 32.5 MT: 64.1 VT: 2.8
Soil texture coarse: 2.8 medium: 66.6 fine: 26.5 peat: 4.1
Stones>20% False: 98.1 True:1.9

Wet>30% False: 98.1 True:1.9
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WET>30% = FALSE

| SITE TYPE = OMaT: 1 (3.0/1.0)

| SITE TYPE = OMT : 1 (207.0/69.0)

| SITE TYPE = MT

| \ PREPARATION = NO PREP: 1 (30.0/13.0)
| \ PREPARATION = PATCH

| | | TEXTURE = COARSE: 0 (4.0/1.0)

| \ | TEXTURE = MEDIUM: 0 (116.0/56.0)
| \ | TEXTURE = FINE : 1 (36.0/13.0)

| | | TEXTURE = PEAT : 0 (2.0/1.0)

| \ PREPARATION = DISC TR

| \ | STONES>20% = FALSE

| | | | TEXTURE = COARSE: 1 (6.0/2.0)
| \ | | TEXTURE = MEDIUM: 0 (194.0/96.0)
| | | | TEXTURE = FINE : 1 (31.0/13.0)
| \ | | TEXTURE = PEAT 1 (1.0)

| \ | STONES>20% = TRUE: 1 (5.0/1.0)

| \ PREPARATION = MOUND: 1 (75.0/24.0)

| SITE TYPE = VT

| \ PREPARATION = NO PREP: 1 (1.0)

| \ PREPARATION = PATCH : 0 (3.0/1.0)

| \ PREPARATION = DISC TR: 1 (11.0/4.0)

| \ PREPARATION = MOUND : 0 (4.0/2.0)
WET>30% = TRUE: 1 (7.0)

Number of Leaves : 18

Size of the tree : 25

Figure 2. The unpruned J4.8 tree.

The unpruned J4.8 tree is shown in Figure 2. When
the pruning option was applied, the algorithm classi-
fied all test instances as needing tending (Table 8).
The stem of the decision tree was Wet>30%, indicat-
ing the influence of moisture on the need for tending.
The first figure in each leaf is the number of cases
belonging to that leaf in the training data set, and the
second figure is the number of misclassified cases in
the training data. Zeros as the number of misclassifi-
cations are not shown.

Table 8. Confusion matrixes of the classification methods
used in the test data split.

Classification by different methods

Actual
class Naive Bayes J4.8 pruned  J4.8 unpruned
Not needed Not needed Not needed
needed needed needed
Not needed 94 205 0 299 147 152
Needed 116 322 0 438 173 265

The highest classification accuracy was achieved
by J4.8 with the pruning option, despite its lacking
ability to recognize any stands not needing early tend-
ing. The Kappa statistic indicating the quality of clas-
sification result was highest with unpruned J4.8, al-
though its accuracy was weaker than with pruning
option (Table 9). J4.8 also had the highest precision
for identifying the stands needing early tending. The

poorer accuracy of unpruned J4.8 and NB compared
to pruned J4.8 is a result of classifying many stands
wrongly, i.e. as not needing early tending (Table 9).

Table 9. Accuracy of the classifiers in the test data split.

Naive  J4.8 J4.8

Bayes  pruned unpruned
Correctly classified instances, %  56.4%  59.4% 55.9%
Kappa statistic 0.05 0.05 0.10
Precision for no need for tending ~ 44.8% 0% 45.9%
Precision for need for tending 61.1% 59.4% 63.5%

Discussion and conclusions

Pre-selection of potentially relevant attributes is
critical, as omitting a key feature or including irrele-
vant ones can both lead to poor classification accu-
racy (Garner et al. 1995). Although there were evident
differences in the effect of soil properties on the need
for early tending, classification of individual stands
according to their need for early tending was not suc-
cessful. The accuracy of both methods of classifica-
tion used in this study was poor. Some states of the
attributes resulted in different learned classifiers than
what were expected. For example, the plantations es-
tablished on mounded soil were often related to need
for early tending, although this differs from current
practical experience. This is caused most probably by
biased data. The mounded areas were mostly sites
where drainage was seen as necessary and the soil
was prepared by ditch-mounding. Another reason
having some influence on the poor classification re-
sult might have been variation inside the stands.

In comparative studies of classification methods,
the results achieved by C4.5 and NB have been simi-
lar (Friedman & Goldszmidt (1996). For the amount of
data used in this study, the computation performance
of both algorithms used was good. Other machine
learning methods often used for classification, for
example, tree-augmented networks (TAN) have usual-
ly performed the same way as C4.5 and NB. Therefore,
it’s unlikely to expect any advantage of using them in
this problem.

In conclusion, although some attributes influence
the need for early tending in a young Norway spruce
plantation, in a large set of survey data these influ-
ences become thoroughly mixed up. The aim of regen-
eration of Norway spruce must be to achieve a good
regeneration result and at the same time be prepared
for early tending. To detect the need for early tend-
ing, a survey of young stands should be carried out
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a few years after stand establishment. The stand-es-
tablishment service provider could offer such a sur-
vey as part of an after-sales marketing system.
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AHAJIN3 ITIOTPEBHOCTHU B PAHHEM YXOJE B MOJIOABIX HACAKJIEHUAX EJIN

OBBIKHOBEHHOM

H. Knianonen

J1n1st BEIABIIEHHS TIOTPEOHOCTH B paHHEM YXO/Ie B MOJIOAHSIKAaX €11 0OBIKHOBEHHOH (Picea abies L.) mpoBoauics aHamms
BO3JEHCTBUS CTPYKTYPHI MOYBHI, TUIA Jeca, METo1a 00PabOTKH TOYBHI, @ TAK)Ke€ KAMEHHCTOCTH U BIAXKHOCTH HACAKACHHS.
JlanHble coOpaHbl B KyAbTypax €Ji 3-X JIETHET0 Bo3pacTa Ha rore Ounnsnauu. Muorue GakTopsl cpesibl 3HAYUTETBHO BIMSIN
Ha IOTPeOHOCTH B paHHeM yxoze. Tem He MeHee, KiacCH(pHUKaLUs OTACITHBIX HACAKACHHUH 110 IIPU3HAKaM MECTOIPON3PaCTaHUs
ObuTa 3aTpyAHEHA HECMOTPS Ha NMPHMEHCHHE COBPEMEHHBIX AITOPHTMOB Kiaccu(ukanuu. J[ins TouHOTrO onpeaeracHus
NOTPeOHOCTH B paHHEM YXOIE B HACAXKICHUSIX €IH OOBIKHOBEHHOH PEKOMEHAyeTcs 0OCIeZOBaHME HOBBIX 3aJI0KEHHBIX

KYyJBTYyD.

KoroueBble ciioBa: eb 0OBIKHOBEHHAS, YXOJI, AJITOPUTM KJIACCUPUKALNH
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