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Introduction
Information about  extant forest communi-

ties is  of considerable  importance in  forest 
management planning. The stand is the smal-
lest production and silvicultural unit, and the 
most  crucial  part  of  this  information.  The 
location of planning units, their size and sil-
vicultural features are used to select manage-
ment objectives  and determine the working 
cycle, management regulations and silvicul-
tural goals. Thus, the precision of decisions 
to  be  implemented  and  the  planning  to  be 

realized are both closely related to the accu-
racy of the stand maps. Moreover, map ac-
curacy depends on the type of forest inven-
tory,  the  sample  size,  and  the  techniques 
used to evaluate the inventory results.

Stand maps have previously been produced 
subjectively (Feng et  al.  2006) in  conjunc-
tion  with  current  forest  management  prac-
tices. In conventional management planning, 
stands are defined through the planning pro-
cess. The type of of the management objec-
tives is a component  of this  process (Gun-

narsson  et  al.  1998).  However,  the  use  of 
computers has changed this conventional ap-
proach,  and  spatially and  temporally dyna-
mic description and treatment units can rea-
dily  be  produced  (Holmgren  & Thuresson 
1997). Thus, dynamic forest planning can be 
achieved with the use of geopositioned field 
plot  data  and  computers  (Wallerman  et  al. 
2002).

The  sampling  methods  used  in  forest  in-
ventories  vary according  to  different  coun-
tries’  forestry  objectives  and  forest  struc-
tures.  Systematic  sampling methods  are re-
commended  for  large  and  homogeneous 
forest  areas and have been implemented in 
all production and conservation areas of Tur-
key since 1964.  However,  if  this  sampling 
method is implemented with an insufficient 
number of sample plots and/or in heteroge-
neous forests, the results will be highly ques-
tionable because they may fail to reflect the 
true forest  composition.  Although  Sherman 
(1996),  Aurbi & Debouzie (2000),  Flores et 
al. (2003) and D’Orazio (2003) used remote 
sensing data to improve the results of such 
inventories,  the desired outcome was never 
achieved in practice. 

Spatial  interpolation methods,  which have 
been classified by Li & Heap (2008) as non-
geostatistical,  geostatistical  and  combined, 
came into use at  the end of the 1960s and 
have been investigated for use in forest ma-
nagement.  As  described  in  Akhavan  et  al. 
(2010),  Guibal (1973) was the first study to 
use kriging in the forest  inventory process. 
Jost (1993) also used geostatistical methods 
to  compare  conventional  inventory  results 
based  on  systematic  sampling  with  the  re-
sults of the kriging method. Geostatistically 
based methods that utilize textural informa-
tion  are  frequently  used  to  analyze  re-
mote-sensing (RS) images (Zawadzki  et  al. 
2005).  The  quality  and  quantity  of  these 
methods have increased through advances in 
the computer sciences and in the science of 
geographical  information  systems.  These 
methods allow the use of a variety of ecolo-
gical and technical parameters in the assess-
ment of inventory results.

Palmer et  al.  (2009) compared the spatial 
predictions  derived  from  Inverse  Distance 
Weighting  (IDW),  Partial  Least  Squares 
(PLS),  Regression Kriging (RK), and Ordi-
nary Kriging (OK) for  Pinus radiata mean 
volume,  annual  increment  and  mean  top 
height. Viana et al. (2012) made estimations 
of  the  crown  biomass  of  Pinus  pinaster 
stands and aboveground shrubland biomass 
using forest inventory data, remotely sensed 
imagery  for  auxiliary  variables  and  spatial 
prediction models. These estimations invol-
ved the use of RK and OK, Universal Kri-
ging (UK), IDW and Thiessen Polygon es-
timations. Magnussen et al. (2009) examined 
the  advantages  of  multiresolution  spatial 
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Making objective forest stand maps of mixed 
managed forest with spatial interpolation 
and multi-criteria decision analysis
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Spatial interpolation and multi-criteria decision analysis (MCDA) capabilities of 
geographic information systems have the potential to create new approaches 
to forest management. In this study, the regularized spline with tension (RST) 
interpolation method and ELECTRE TRI MCDA was used to predict forest stand 
volumes  in  an  area characterized  by  even-aged  stands  with heterogeneous 
structures in Turkey. Sampling data (1050 circular sample plots) were obtained 
from the National forest inventory. For each species and diameter class, a map 
of the predicted volume per ha was obtained using the RST method. By repeat-
ing  the same process for the eight  species occurring in the study area,  31 
volume maps were produced. The accuracy of these prediction maps was as-
sessed at pixel (20 x 20 m) and area scale (per ha). An accuracy of more than 
97% was achieved at the pixel level, whereas a minimum accuracy of 86% was 
achieved for the area-based estimations. In addition, predicted values from the 
above 31 volume maps were compared with the observed values from manage-
ment plan reports  obtained from the Government Institute responsinble for 
forest management plans. The comparisons showed an accuracy of predictions 
of 21, 14, 4, and 2% for Calabrian pine, Oriental beech, black pine and oak 
species,  respectively.  Following interpolation, volume prediction maps were 
geo-computed, and a volume-based stand map was produced. The 890 diffe-
rent combinations of species composition and diameter classes were classified 
according to expert knowledge by the use of ELECTRE TRI MCDA, obtaining a fi-
nal stand type map representing 70 different profile categories based on spe-
cies mixture rates and diameter classes for the area analyzed.
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models  (MRSMs)  for  large  datasets  com-
pared with standard algorithms.

Montes et al. (2010) have proposed a me-
thod in which the addition of experienced in-
ventory data areas are combined with envi-
ronmental  information.  Nanos et  al.  (2004) 
also  used  a  geostatistical  approach  for  the 
prediction of diameter distributions in stands 
of  Pinus pinaster Ait.  Tang & Bian (2009) 
successfully applied a forest site evaluation 
method  which  integrates  a  geographic  in-
formation system (GIS) and a spatial  inter-
polation method (kriging) in geostatistics.

Köhl et al. (2006) suggested the use of ae-
rial photographs,  satellite images, site data, 
and thematic maps in the analysis and mo-
deling  of  survey  plans.  Mandallaz  (1991) 
compared different geostatistical methods in 
forest inventory creation.  Höck et al. (1993) 
evaluated the kriging method using site in-
dex  data.  Holmgren  &  Thuresson  (1997) 
used kriging and remote sensing to  predict 
stand volumes.

Heikkinen  (2006) and many other  resear-
chers  reported  that  the  determination  of 
sampling errors was a serious problem asso-
ciated  with  systematic  sampling.  To obtain 
greatly  improved  results  from  systematic 
sampling  and  inventory  measurements,  the 
use of additional explanatory environmental 
variables has been initiated (Lappi & Kangas 
2006).

Recently,  the  production  of  stand  maps 
based on GIS has started to  develop forest 
management  planning  in  Turkey.  Since 
2004, computers have been used to perform 
stand  type  delineations  and  generalizations 
with classical and subjective operator-orien-
ted methods and to produce digital maps of 
high cartographic quality.  However, as em-
phasized by Burrough (2001), the spatial and 
statistical  analysis  capabilities  of GIS have 
not been fully explored and exploited yet. In 
contrast,  GIS  capabilities,  combined  with 
different  spatial  interpolation  methods  and 
multi-criteria decision analysis (MCDA), are 
being developed and implemented in nume-
rous disciplines.

ELECTRE (ELimination Et Choix Tradui-
sant la REalité - Elimination and Choice Ex-
pressing  the  Reality)  is  family of  methods 
derived from MCDA that associate members 
to  create  an alternative set  of relationships 
within the system, and then compare the al-
ternatives obtained to solve the problem un-
der  investigation.  The  main  advantage  of 
these methods is that the optimal solution is 
not subjective, avoiding classical approaches 
based on individual experience and intuition. 
Diverse ELECTRE methods differ in minor 
respects.  For  instance,  ELECTRE TRI was 
created  to  solve  selection  and  assignment 
problems.

A review of more than 250 papers in the 
forestry  literature  over  the  past  30  years 
showed that 9 different versions of MCDA 

were  applied  to  9  different  forestry topics 
(wood  production,  biodiversity,  sustainabi-
lity,  reforestation,  regional  planning,  forest 
industry, risks, and other subjects -  Balteiro 
& Romero 2008).  A variant  of  the  ELEC-
TRE method was recommended by  Kangas 
et al.  (2001) who discussed the application 
of the ELECTRE III  and PROMETHEE II 
methods in 17 forest activity areas. Mendoza 
&  Martins  (2006) critically  reviewed  the 
MCDA methods applied to the management 
of  forests  and  other  natural  resources,  de-
scribing the nature of these models and their 
inherent  strengths  and limitations.  Jayanath 
& Gamini  (2009) also provided  a  compre-
hensive  literature  review in  forest  manage-
ment evaluating 9 different types of MCDA 
in  terms  of  their  theoretical  basis  and  the 
risks  associated  with  their  use.  Currently, 
many opinions and suggestions exist regar-
ding  the  use  of  MCDA in  forestry.  It  has 
been claimed that MCDA alone may not be 
sufficient for use in forest management. On 
the other hand, hybrid approaches has been 
reported  as  suitable  for  application  in  this 
field (Kangas & Kangas 2005). 

Because each mapping expert has different 
knowledge and experience, traditional mana-
gement plans can show spatial and temporal 
differences.  To  solve  the  above  discrepan-
cies, management plans produced using ob-
jective  criteria  and  suitable  methods  (like 
GIS) may help to achieve consistency among 
maps pertaining to different revision periods 
and/or maps of adjacent planning units.

The main goal of this study is the creation 
of semi-automated, objective maps based on 
forest stand volume calculated from ground 
survey data. To achieve this goal, the spatial 
analysis capability of GIS was used. The re-
gularized spline with  tension  (RST) spatial 
interpolation  method  was  used  to  produce 

volume  prediction  maps  of  species,  and 
ELECTRE TRI MCDA was applied to create 
the final forest map needed for objective de-
cision making.

Materials and methods

Study Area
The study was conducted in the Asar and 

the Yenice forest ranges, two managed forest 
areas located on Mount Ida in Turkey (Fig.
1).  The  Asar  range  includes  11 159  ha  of 
productive  and  2473  ha  of  non-productive 
area. In the Yenice range the productive and 
non-productive areas are 10 817 ha and 1816 
ha, respectively. The terrain is hilly through-
out  these  forests.  Minimum and  maximum 
elevation are 100 m and 1.000 m a.s.l.,  re-
spectively.  The  primary tree  species  found 
are  oak  species  (Quercus sp.),  Anatolian 
black  pine  (Pinus  nigra Arn.),  Calabrian 
pine  (Pinus  brutia Ten),  Oriental  beech 
(Fagus  orientalis  Lipsky),  common  horn-
beam  (Carpinus  betulus L.),  Trojan  fir 
(Abies nordmanniana (Stev.) Spach.  subsp. 
equi-trojani (Asch. & Sint. ex Boiss.) Coode 
&  Cullen),  Spanish  chestnut  (Castanea  
sativa  Mill.)  and  other  deciduous  species 
(e.g., silver lime (Tilia  sp.),  Alnus glutinosa  
L. - Anonymous 2011a, 2011b). 

Total  forest  acreage  for  Turkey  in  2004 
was  21 188 747  ha  (1 831 536  ha  of  deci-
duous  forests,  11 403 791  ha of coniferous 
forests,  2 204 268  ha  of  mixed  forests  and 
5 749 152  ha  of  coppice  (General  Directo-
rate of Forests 2006). 

The study area is mainly covered by mixed 
forests,  whose  structural  heterogeneity  is 
known to hinder the application of interpola-
tion  methods,  thus  representing  a  challen-
ging test  for  the assessment  of  the  applied 
methodology in such environments.
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Fig. 1 - The study area.
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Vegetation Data
The 2010 management year inventory data 

for  the  Asar and  Yenice forest  range  were 
used in this study.  The inventory data con-
sisted  of  1 050  circular  sample  plots  (size: 
200,  400,  600,  and  800  m2)  systematically 
placed at 300 m intervals. Within each plot, 
measurements were taken for diameter, mean 
height,  top  height,  age,  health  status  and 
stem quality of each tree. The most frequent 
sampling plot size was chosen to achieve a 
pixel  resolution  for  the  interpolation  maps 
equal to the size of the sample plots of de-
velopment age  c (400 m2 - see below). Due 
to the inventory method adopted, the forest 
structure within approximately 50 m of the 
center  of  the  sample  plot  was  checked  vi-
sually. Any distinctive, observable characte-
ristics  within  the  plot  and  along  the  path 
from plot to plot were recorded.

The classification of even-aged stands was 
performed  according  to  the  2008  Turkish 
forest  management  instructions.  Diameter 
ranges  were  grouped  in  the  following 
classes: (a) 1.0-7.9 cm; (b) 8.0-19.9 cm; (c) 
20.0-35.9  cm; (d)  36.0-51.9  cm; and (e)  > 
52.0  cm.  In  diameter  class  a,  no  measure-
ments were taken for the calculation of stand 
parameters.

Forest  inventory  and  the  production  of 
stand maps in Turkey include the following 
steps:
1. The management-planning unit is divided 

into homogeneous segments based on re-
mote sensing images.

2. In  the  planning  units,  measurements  and 
determinations are performed in sampling 
plots distributed according to a systematic 
sampling scheme.

3. The  sampling  plots  are  grouped  by  the 
similarity of tree species and mixture, dia-
meter class, site class, and canopy density.

4. The averages calculated for  these groups 
are taken as representative of the parame-
ters for the whole stand.

5. Each  different  group  is  placed  within  a 
common stand type.

6. Stand boundaries are defined based on the 
information  recovered from the sampling 
points located on the stand map.

7. A stand map based on the defined boun-
daries and features is produced.

The vector and attribute data for the sample 
plots were entered into the GRASS GIS soft-
ware database (GRASS Development Team 
2011,  Tattoni  et  al.  2010,  Neteler  et  al. 
2012) in accordance with the methodological 
steps  to  produce  an  objective  forest  map 
(Fig. 2). The calculated volumes of tree spe-
cies per ha were combined  with  the vector 
data. Eight different tree species occur in the 
study area. Of these eight species, the most 
common are Anatolian black pine, oak spe-
cies,  Oriental  beech,  and  Calabrian  pine 
(Tab.  1).  Oak was present  in  670  of  1050 
plots in the b diameter class, and black pine 

was present in 564 of 1050 plots in the c dia-
meter class. Black pine had the highest mean 
volume per ha (124.26 m3 ha-1) in the e dia-
meter class, and the maximum volume per ha 
(549.65 m3 ha-1 - Tab. 1). Based on the data 
for the presence of species by diameter class 
in the survey plots, the seven most common 
species according to diameter class (Qb, Pnc, 
Pnb, Qc, Pnd, Pne, Foc) were selected to de-
termine the spatial interpolation tension and 
the smoothing parameters of the RST inter-
polation  method.  These  seven  species  and 
diameter classes were chosen because poten-
tial error in the class with the largest volume 
and  number  of sample points  could  poten-
tially influence the entire evaluation.

Determining spatial interpolation para-
meters

To minimize the effects of prediction error 
and to determine the prediction parameters, 
different  tension  and  smoothing parameters 
were  tested  using  the  “v.surf.rst”  module 
(spatial approximation and topographic ana-
lysis  from a given  point  or  isoline  data  in 
vector format to floating point raster format 
using regularized spline with tension) of the 
GRASS  software  (GRASS  Development 
Team 2011).  The  cross-validation  and  de-
viation values were calculated for the seven 
most common species by diameter class. 

Cross-validation (Efron & Gong 1983) was 
performed  by  dividing  the  data  into  two 
groups.  The first  group was used for inter-
polation using the method under evaluation. 

The second group was then used for compa-
rison  (Schaffer  1993,  Shao  1993).  “Leave-
one-out” cross-validation is a very common 
procedure and is frequently implemented in 
GIS  packages.  By  minimizing  the  root-
mean-square error (RMSE), cross-validation 
ensures that optimal interpolation parameters 
are found (Hofierka et al. 2002).

Prediction of forest map
Spatial  interpolation  methods  transform 

data representing a continuous phenomenon 
in a vector point-and-line. This transforma-
tion  involves  mathematical  functions  allo-
wed  to  pass  through  or  near  given  points 
(Neteler  & Mitasova  2008).  Data  collected 
for forest inventories are generally pinpoint-
based because of the cost associated with the 
inventories. Pinpoint data are converted into 
continuous surfaces with the spatial interpo-
lation  functions  implemented  into  the  GIS 
package.  Although  many interpolation  me-
thods  exist,  GRASS software  provides  the 
analytic capability needed for methods such 
as  Voronoi  polygons,  IDW  and  RSWT 
(Neteler & Mitasova 2008).

The  changeable  approach  to  intermediary 
estimation  depends  on  the  solution  to  the 
following problem: does the intermediary es-
timation  function  pass  through  or  close  to 
the  data  points,  or  can  it  be  smoothed  as 
much as  possible?  These two  requirements 
are combined into a single condition to de-
crease  the  total  deviation  at  the  measured 
points  and  to  smooth  the  spline  function 
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Fig. 2 - Synopsis of 
the methodological 
steps carried out in 
this investigation.
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semi-norm (Mitasova  et  al.  1995,  Mitas  & 
Mitasova 1999). Splines including the selec-
tion of the covariance function, as specified 
by numerous authors, are equivalent to uni-
versal kriging (Hengl 2007, Neteler & Mita-
sova 2008).

Predictions based on the volume values per 
ha were obtained with  the estimation para-
meters determined from the cross-validation 
and deviation method. This procedure (RST) 
is implemented within GRASS’s “v.surf.rst” 
module (GRASS Development Team 2011). 
Subsequently,  the maps obtained were pro-
cessed with particular GIS commands to pro-
duce the species contribution ratio maps and 
the mixture map.

Error assessment
The accuracy of the prediction maps com-

puted  with  RST  was  calculated  on  both 
point and area basis. The MAE (Mean Abso-
lute  Error)  and  the  MAD (Mean  Absolute 
Deviation) were determined during the eva-
luation  of the errors  in  the volume-estima-
tion  maps.  The  “v.sample”  command  was 
used to determine the point-wise error, and 
the “v.rast.stats” command was used to de-
termine the area-wise error. The volumes (in 
ha) derived from the measured values from 

the  inventory  sampling  plots  in  the  field 
were compared with the predicted values at 
the applicable point on the maps obtained by 
interpolation.  The  area-based  evaluation 
considered that each sample point represen-
ted precisely 1 ha. In addition, the total area-
based volume was calculated and compared 
with  the  value  obtained  from conventional 
inventory methods.

Production of stand map from interpo-
lation maps

The computed  raster  maps of the volume 
per ha for each species (Pb, Pn, Ab, Fo, Q, 
Cb, Cs, Od) were converted to vector maps 
and then overlaid to  produce a vector  map 
displaying the  mixture  ratios  of the  8  spe-
cies. The combinations acquired from these 
maps were evaluated with expert knowledge 
of forest  management.  This  evaluation  was 
then  used  to  determine  the  criteria  and 
classes for making the final decision map for 
the managed forest. For example, in  Tab. 2, 
8  species  and  diameter  class  combinations 
were categorized  into  a  single  category by 
defined expert knowledge criteria. All other 
similar combinations were categorized with 
this  approach.  This  procedure  used  the 
ELECTRE  TRI  “Bouyssou-Marchant”  mo-

del  in  Quantum GIS (Quantum GIS Deve-
lopment Team 2012, Sobrie 2010).

Results

Determining spatial interpolation para-
meters

Based  on  the  cross-validation  results  ob-
tained in  this  study,  the interpolation  para-
meters showing the lowest RMSE value va-
ried among the seven diameter classes con-
sidered (Tab. 3). Therefore, a map showing 
the deviation of the seven most common spe-
cies  by  diameter  class  was  calculated.  All 
diameter classes gave the minimum mean ab-
solute-deviation error, with a value of 80 for 
the tension parameter and a value of 0.2 for 
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Tab. 1 - Summary statistics for inventory data and error results. (MAE): Mean absolute error; (MAD): Mean absolute error/Mean.

Tree
species

Diameter
class

Number
sample
plots

Min Max Mean Standard
error

MAE
400 m2

MAD
400 m2

MAE
1 ha

MAD
1 ha

Black
pine

b 555 0.28 142.43 14.5 21.09 0.37 0.03 1.65 0.11
c 564 3.16 348.4 64.14 61.03 1.61 0.03 7.55 0.12
d 463 13.03 500.85 91.88 80.55 2.56 0.03 10.31 0.11
e 299 30.56 549.65 124.26 84.84 2.54 0.02 11.07 0.09

Calabrian 
pine

b 145 0.37 77.08 10.13 14.99 0.07 0.01 0.35 0.03
c 167 2.31 208.8 43.11 39.01 0.29 0.01 1.5 0.03
d 131 1.3 373.28 79.04 67.08 0.51 0.01 2.47 0.03
e 75 25.31 413.68 101.83 79.41 0.35 0 1.84 0.02

Other 
deciduous

b 166 0.44 23.63 4.94 4.74 0.06 0.01 0.3 0.06
c 49 3.06 51.1 11.29 9.96 0.05 0 0.24 0.02
d 3 22 29.42 25.71 5.25 0 0 0.02 0
e 2 34 34 34 0 0 0 0.02 0

Kazdagi
fir

b 60 0.4 31.1 8.06 7.27 0.03 0 0.16 0.02
c 54 4.47 114.9 28.36 25.9 0.11 0 0.51 0.02
d 29 22.73 191.53 63.73 41.75 0.14 0 0.67 0.01
e 10 30.34 105.33 56.95 24.62 0.05 0 0.25 0

Horn
Beam 

b 12 0.58 27.63 9.38 9.8 0.01 0 0.05 0.01
c 6 4.5 34.83 17.41 11.5 0.01 0 0.04 0
d 3 18 27 22.5 6.36 0 0 0.02 0

Oriental 
beech

b 202 0.47 44.93 11.69 9.83 0.13 0.01 0.53 0.05
c 179 3.88 202.78 54.29 41.53 0.68 0.01 2.2 0.04
d 98 14.4 360.27 60.56 51.64 0.48 0.01 1.74 0.03
e 36 29.7 338.8 92.37 70.37 0.37 0 1.33 0.01

Spanish 
chestnut

b 31 0.6 19.3 5.53 4.17 0.02 0 0.08 0.01
c 25 6.3 103.6 23.48 22.27 0.06 0 0.27 0.01
d 7 17.63 60.1 37.33 14.3 0.02 0 0.11 0
e 5 17.77 136.6 74.61 51.2 0.02 0 0.13 0

Oaks sp. b 670 0.44 70.85 11.89 11.35 0.35 0.03 1.61 0.14
c 514 2.71 148.75 30.55 25.19 0.72 0.02 3.2 0.10
d 289 8.73 173.85 43.62 31.53 0.75 0.02 3.39 0.08
e 158 17.85 240.25 65.46 45.29 0.71 0.01 3.43 0.05

Tab. 2 - ELECTRE TRI categorization sam-
ple.

1. 6Pn2Fo1Q1Cb de

6Pn2Fo1Q1Cb de

2. 6Pn2Fo1Q1Cb de
3. 6Pn3Fo1Q de
4. 6Pn2Fo2Q de
5. 6Pn2Fo2Q ed
6. 6Pn2Fo1Q1Cb ed
7. 6Pn1Fo2Q1Cb d
8. 6Pn2Fo2Cb de
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the smoothing parameter (Tab. 3). The use of 
these  values  for  interpolation  would  likely 
decrease the error rate.

Prediction of forest maps
A  total  of  31  independent  interpolation 

maps were obtained for the diameter classes 
of each species (e.g., black pine in Fig. 3a, b, 
c,  and  d).  The  total  volumes  of  particular 
species per ha (e.g., black pine: Pnb + Pnc + 
Pnd  + Pne  = Pnt)  were computed  by sum-
ming these species-diameter-class interpola-
tion maps (Fig.  4a). The percentage contri-
butions of each diameter class to the mixture 
were obtained by calculating the ratios of the 
diameter class volume of the particular spe-
cies and the total volume of the species (e.g., 
Pnb/Pnt) with the help of this map (Fig. 4b). 
Similarly,  the summation of the total  volu-
mes of each species per ha (Pn t + Pbt + Odt + 
Abt  + Cbt  + Fot  + Cst  + Qt = Vt) yielded the 
total volume per ha of the trees in the plan-
ning units (Fig.  4c). The percentage contri-
butions of each species to the mixture were 
obtained by calculating the ratios of the total 
volume of the species and the overall  total 
volume  (e.g.,  Pnt/Vt) with  the  help  of  this 
map (Fig. 4d).

Error assessment of predictions
If  the  predictions  were  evaluated  on  the 

basis of the size of one pixel (400 m2), the 
results were very satisfactory (MAD < 4%). 
However, on the basis of a sample plot that 
was approximately one ha in  area,  the ma-
ximum MAD increased  to  12% (Pnb)  and 
14%  (Qb).  The  maximum  standard  devia-
tions  for  the  black-pine  diameter  classes  d 

and  e,  were  81%  and  85%,  respectively 
(Tab. 1). High standard deviations were also 
found  for  the  Calabrian-pine  diameter 
classes d and e (67% and 79%, respectively), 

Oriental beech (51% and 70%, respectively), 
and oak spp. (31% and 45%, respectively).

The total volume by species as determined 
by  conventional  methods  (Forest  Manage-
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Fig. 3 - Interpolation 
maps of black pine. 

(A) diameter class b; 
(B) diameter class c; 
(C) diameter class d; 
(D) diameter class e.

Tab. 3 - Deviation values for the seven most common species by diameter class.

Tree 
Species

Cross validation Deviation
Smoothing

20 40 60 80 20 40 60 80
Pnb 6.64 6.6 6.6 6.6 0.39 0.26 0.22 0.2 0.2

6.63 6.6 6.6 6.6 0.72 0.49 0.42 0.38 0.4
6.62 6.6 6.6 6.6 1 0.71 0.61 0.55 0.6
6.61 6.6 6.61 6.61 1.26 0.91 0.78 0.72 0.8

Pnc 30.36 30.29 30.35 30.4 1.83 1.23 1.04 0.93 0.2
30.32 30.3 30.36 30.42 3.36 2.32 1.98 1.79 0.4
30.29 30.31 30.38 30.44 4.69 3.32 2.85 2.59 0.6
30.28 30.33 30.4 30.46 5.87 4.23 3.66 3.35 0.8

Pnd 39.66 39.4 39.37 39.37 2.38 1.59 1.34 1.2 0.2
39.58 39.38 39.36 39.37 4.38 3 2.55 2.31 0.4
39.52 39.37 39.36 39.38 6.12 4.3 3.68 3.35 0.6
39.47 39.36 39.36 39.39 7.65 5.49 4.73 4.32 0.8

Pne 43.38 42.92 42.84 42.82 2.73 1.8 1.51 1.35 0.2
43.23 42.88 42.83 42.81 4.98 3.38 2.86 2.58 0.4
43.13 42.86 42.81 42.8 6.92 4.82 4.11 3.73 0.6
43.05 42.84 42.8 42.79 8.63 6.14 5.27 4.8 0.8

Foc 8.5 8.49 8.53 8.57 0.53 0.35 0.29 0.27 0.2
8.48 8.5 8.55 8.58 0.98 0.67 0.57 0.51 0.4
8.47 8.51 8.56 8.59 1.37 0.96 0.82 0.75 0.6
8.46 8.52 8.57 8.61 1.71 1.22 1.06 0.97 0.8

Qb 6.5 6.42 6.41 6.4 0.4 0.26 0.22 0.2 0.2
6.47 6.41 6.4 6.4 0.73 0.5 0.42 0.38 0.4
6.46 6.41 6.4 6.4 1.01 0.71 0.61 0.55 0.6
6.44 6.41 6.4 6.41 1.26 0.9 0.78 0.71 0.8

Qc - - - - 0.78 0.52 0.43 0.39 0.2
- - - - 1.44 0.98 0.83 0.75 0.4
- - - - 2 1.4 1.2 1.09 0.6
- - - - 2.5 1.78 1.54 1.4 0.8
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ment  Regulation  Handbook 2008) and was 
compared to that determined by the methods 
applied in our study for the entire study area 
(Tab.  4).  The  data  over  the  entire  area 
showed that four species had volume ratios 
greater  than  1%.  In  descending  order  of 

volume ratios, these species were Pn > Q > 
Pb > Fo, with volume ratio values of 55%, 
19%, 16%, and 8%, respectively. These four 
species represented a total  volume of 98%. 
The maximum relative errors were calculated 
for the Calabrian pine diameter classes b and 

c. These relative error values were +33% and 
+23%,  respectively.  The  minimum relative 
errors for these four species were calculated 
for diameter classes  b, c,  and  d of the oak 
species. These relative error values were 2%, 
4%, and 2%, respectively.

Black pine had a maximum volume ratio of 
55% for the entire study area and a total re-
lative error of 4%. The relative error rates for 
the individual diameter classes were 16% for 
class c, 13% for class d and -11% for class e.

Oriental beech has the lowest volume ratio 
(8%) of the four highest-volume species. The 
relative error for the total volume was 14%. 
The relative errors  for  the diameter classes 
were 10%, 19%, and 18% for classes  c,  d, 
and e, respectively.

Generally,  the  highest  relative  errors  in 
volume  estimation  occurred  for  diameter 
classes c and d.

The  pixel-based  (sampling  area-based) 
MAE  and  the  area-based  MAE  followed 
similar trends. The pixel-based MAD values 
ranged between 0% and 3%.

When producing the forest stand map from 
the interpolation maps, the diameter class for 
each value of species volume derived from 
the  raster  maps  was  uploaded  with  the 
“v.rast.stats” command onto the vector map 
as attribute data. The resulting species mix-
tures,  including  both  volume-based  domi-
nants and accompanying secondary species, 
were then  considered.  In  the  next  stage of 
the  process,  the  890  different  mixture  va-
riations were reduced to a smaller number of 
categories based on expert knowledge.  Cri-
teria were established based on the mixture 
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Fig. 4 - (A) Total 
volume map for black 
pine; (B) volume ratio 
map for black pine 
(diameter class b); (C) 
total volume map for 
all the species; (D) 
volume ratio map for 
black pine.

Tab. 4 - Accuracy of total volume calculated with spatial interpolation (SI), compared with  
conventional  forest  inventory results  (CFIR).  Total volume contribution  percent  in study 
area.

Tree 
species

Type of 
estimation

Diameter  Total 
contribution

Total 
partecipantClass b Class c Class d Class e

Pb SI 36226 165430 248434 220339 670428 0.16
CFIR 27332 134388 211765 180807 554292
% 33 23 17 22 21

Pn SI 146309 611316 695638 559590 2012853 0.55
CFIR 160647 529222 614516 625805 1930190
% -9 16 13 -11 4

Ab SI 5507 15973 20363 5326 47169 0.01
CFIR 4273 12838 16481 6034 39626
% 29 24 24 -12 19

Fo SI 34856 141304 95689 52129 323978 0.08
CFIR 31873 128509 80135 44008 284525
% 9 10 19 18 14

Q SI 132299 233543 176357 150154 692353 0.19
CFIR 132519 228881 170362 147514 679276
% 0 2 4 2 2

Cb SI 1111 1023 710 0 2845 0
CFIR 1101 871 576 0 2548
% 1 17 23 - 12

Cs SI 2367 7859 3324 4979 18529 0
CFIR 2092 7351 2759 2035 14237
% 13 7 20 145 30

Od SI 13044 9291 1333 785 24452 0.01
CFIR 12228 7363 2414 257 22262
% 7 26 -45 205 10
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rates  of  the  tree  species  and  the  average 
volumes  for  the  diameter  classes.  These 
ELECTRE TRI  criteria  and  the  values  for 
the weights were then entered, and 70 diffe-
rent profiles were generated. The ELECTRE 
TRI module of QGIS was used to create a fi-
nal  decision  map.  This  map  represents  70 
different profile categories based on species 
mixture rates and diameter classes (Fig. 5).

Discussion
Diameter classes d and e showed the larger 

standard devistions for species representing 
98% of the total volume  (Tab. 1). In gene-
ral, the observed error values were as low as 
expected from the associated standard devia-
tions, with occasional exceptions. Minor dif-
ferences were found between MAD errors at 
the pixel level and at the 1-ha level.

The observed differences in  MAE among 
diameter classes for the same species could 
be interpreted as due to variation in site in-
dex  between  neighboring  plots,  that  could 
cause the volume to increase by approxima-
tely 15%.  Moreover,  differences in  canopy 
closure  between  neighboring  stands  could 
have also contributed to the observed diffe-
rences in MAE described above. Therefore, 
MAE  could  be  reduced  by  including  the 
above parameters in the volume estimation, 
although the number of maps to be produced 
would also increase. 

In the species diameter class with approxi-
mately 300 observations distributed around a 
value of about 300, the MAD values calcu-
lated on the basis of 1 ha were 8% and 9% 

for Qd and Pne, respectively. Increasing the 
number  of  species  found  at  the  sampling 
points  (Qb,  Pnc,  Pnb,  Pnd,  and  Qc),  the 
same trend  was observed.  This  increase  in 
the error values is not affected by standard 
deviation  or  mean volume (Tab.  1).  These 
maximum MAD values could result from the 
distribution of black pine and oak species in 
the  study  area.  Indeed,  data  heterogeneity 
may  fairly  affect  the  performance  of  the 
methods (Li & Heap 2011).

The design of the RST method adopted in 
this study ensures that the predicted values at 
a given points remain very close to the ob-
served values at that point. Thus, the MAD 
of the sampling plots (400 m2 = 1 pixel) did 
not increase at the ha level (10 000 m2/400 
m2=25 pixels).  This  result  reflects the cha-
racteristics of the inventoried sample plots, 
whose  structure  was  fairly  similar  to  the 
forest structure in the surrounding area.

The volumes obtained by the RST method 
were slightly higher than the corresponding 
values  in  the  forest  management  plan  data 
(Tab. 4). Black pine showed the highest vo-
lume ratio (55%), with a relative error of 4% 
only. The largest error value was detected for 
diameter class  b of Calabrian pine. The ob-
served differences can be accounted for by 
differences  between  the  two  methods.  The 
classical method adopted in forest  manage-
ment  plans evaluates the data groups sepa-
rately to create separate stand types. Instead, 
the spatial interpolation approach used here 
evaluates the data relative to the overall con-
figuration of the observations and the spatial 

scales. Different results are also expected be-
cause of the subjective personal evaluations 
involved in conventional approaches.

According to the 2008 Turkish Forest Ma-
nagement  Regulation  Handbook (2008),  an 
error ≤ 10% in volume assessment would be 
expected  for  production  forests.  However, 
unlike  production  forests,  an  error  rate  > 
10%  is  accepted  for  protected  forests  be-
cause each systematic sampling point is 600 
x 600 m = 36 000  m2.  Thus,  based on  the 
above criteria, the results of this study could 
be considered as acceptable.

In this study, a final decision map has been 
produced  representing  70  different  profile 
categories  based  on  species  mixture  rates 
and  diameter  classes  in  the  area  analyzed 
(Fig.  5), obtained combining the prediction 
maps produced. The method adopted has fa-
cilitated the reductions performed for adja-
cent diameter classes. In addition, the small 
forest  fragments  were integrated  into  a ge-
neral framework by the analysis. Therefore, 
this  approach  facilitated  the  reduction  of 
small fragments until the structural and stati-
stical features of the desired stand types were 
attained,  in  accordance  with  management 
goals. To perform this reduction process in a 
objective  way,  the  ELECTRE TRI method 
was used.  Aktas & Yilmaz (2011) also used 
the  same  methodology to  produce  a  stand 
map  from  interpolation  maps.  The  above 
process  would  require  the  use  of  expert 
knowledge on forest management to make an 
improved decision map.

The area considered in this study enlarged 
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Fig. 5 - Stand type 
maps obtained using 

the ELECTRE TRI 
approach by com-

bining the 31 predic-
tion maps of the 
volume per ha. 
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upon both  forested  and  non-forested zones 
(e.g.,  agricultural  areas,  settlements,  and 
grasslands). To avoid the effect of the latter 
areas on total  volume assessment, adequate 
masks  were  used  to  exclude  non-forested 
area  from the  analysis.  An additional  pro-
blem encountered is the accuracy of predic-
tions near the boundaries of the forest mana-
gement units. The incorporation of neighbo-
ring plan  units  in  these  areas  is  an  appro-
priate way of improving the accuracy of pre-
dictions.  Nevertheless,  the  resulting  map 
should  be  refined  through  aerial  photogra-
phy or satellite images.  

Spatial  interpolation  methods  (especially 
kringing) have been previously argued as un-
suitable for assessment purposes in managed 
forests (Akhavan et al. 2010). On the other 
hand, several studies have reported success-
ful application of such methods in homoge-
nous natural forest areas (Gunnarsson et al. 
1998, Tuominen et al. 2003).

The RST method adopted here allows the 
user to create stand maps very efficiently. In 
order to test the accuracy of volume predic-
tions,  cross-validation  and  resampling  me-
thods have been applied (Nanos et al. 2004, 
Zawadzki  et  al.  2005,  Palmer  et  al.  2009, 
Tang & Bian 2009, Kovacs et al. 2011, Tat-
toni et al. 2011, Viana et al. 2012), aimed at 
comparing  the  observed  value  at  a  given 
point  with  its  prediction  obtained  from the 
interpolated continuous surface. However, in 
areas characterized by highly heterogeneous 
forest  structures,  the  above  approach  may 
not  be  adequate,  and  additional  control 
points in the field may be required.  On the 
contrary, a subset of sampling points may be 
used in areas densely sampled for the above 
comparisons,  keeping  the  points  excluded 
from analysis for control purposes. 

Further improvement of the map obtained 
may be achieved  by the  inclusion  of auxi-
liary  data  (e.g.,  soil,  climate,  topography 
etc.) and the use of multivariate interpolation 
methods  or  mixed  models,  thus  combining 
the most important parameters of the forest 
stands.  For  example,  several  environmental 
parameters have been used to model the spa-
tial variability in  Pinus radiata productivity 
in New Zealand (Kirschbaum & Watt 2011). 
Moreover,  remote sensing  data  may be in-
corporated into the analysis to obtain an im-
proved accuracy of predictions.  Dubayah et 
al.  (2000) found  that  the  LiDAR  remote 
sensing has a vast potential for the direct es-
timation of several key forest characteristics, 
such as canopy heights, stand volume, basal 
area and aboveground biomass (Dubayah & 
Drake 2000).  Lovell et al. (2005) have per-
formed studies  on  optimal  LiDAR acquisi-
tion  parameters  for  forest  height  retrieval. 
Estornell et al. (2011) have made estimations 
of  shrub  biomass  by  airborne  LiDAR  in 
small forest stands, obtaining accurate meas-
ures of the most important plant parameters 

(volume, average height, diameter and cano-
py)  with  minimal  costs.  Haywood  (2011) 
adopted a semi-automated stand delineation 
process in  the mapping of natural  eucalypt 
forests using remote sensing,  multi-spectral 
imagery,  lasers  and  stand  characteristics. 
Furthermore,  the  application  of  LiDAR al-
lows  the  creation  of  accurate  three-dimen-
sional  relief  models  of  forest  stands.  For 
example,  Mitasova  et  al.  (2005) used a  si-
multaneous spline approximation and topo-
graphic analysis for LiDAR elevation data in 
open-source  GIS  to  create  accurate  relief 
models. LiDAR, in combination with inven-
tory data, has also been used to evaluate the 
forest  habitats  of  birds  and  other  wildlife 
(Graf et al. 2009, Tattoni et al. 2012, Wilsey 
et al. 2012, Smart et al. 2012).

Forest  management  activities  depends  on 
international, national, and regional forestry 
strategies.  Moreover,  regional  planning 
should include community participation and 
the analysis  of multiple  functions  of forest 
resources (Perez-Soba et al. 2006).  For this 
reason, multi-function criteria are often used 
in forest planning in addition to conventio-
nal  management  criteria,  and  MCDA  has 
been carried out in different decision-making 
contexts in forestry. Khadka & Vacik (2012) 
used multi-criteria analysis to support com-
munity forest  management  including  6  cri-
teria and 40 profiles. Huth et al. (2005) used 
multi-criteria  analysis  to  support  decisions 
on harvest volume based on  the criteria of 
rotation, harvest intensity, and target diame-
ter.

In many forestry studies,  MCDA was ap-
plied using multiple  criteria  for  the assess-
ment of a single parameter (e.g., total volu-
me, site class).  Similarily,  the MCDA map 
obtained in our study has also multiple cri-
teria  and allows  the evaluation  of multiple 
functions. The conventional methods used in 
Turkey require professional experience and a 
background  of appropriate  knowledge.  The 
use of an MCDA method, such as the ELEC-
TRE TRI adopted here, may bypass the abo-
ve problem.
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