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Abstract

Aim. This study evaluates the application of Ordinary Kriging, a geostatistical interpola-
tion method, for estimating basal area index in coppice oak forests of the northern Zagros
region, Iran.

Methodology. The research was conducted in a 6,103-hectare coppice oak forest in north-
ern Zagros, Iran, dominated by Quercusbrantii alongside other oak species (Q. infectoria
and Q. libani). A systematic-random sampling grid was employed to establish 136 sample
plots (0.1 ha each), where diameter at breast height (DBH) was measured for all trees
(DBH > 5 cm) to calculate basal area. Exploratory data analysis was conducted to assess
data normality and spatial trends, while variogram analysis was performed to determine the
spatial correlation structure. Ordinary Kriging was then applied to predict basal area across
the study area, with prediction accuracy evaluated through leave-one-out cross-validation
using statistical metrics including mean absolute error (MAE), root mean square error
(RMSE), and their relative values.

Results. The forest exhibited relatively low basal area (14.53 m2/ha) despite high stem densi-
ty (350 stems/ha), indicating the dominance of young trees and coppice regeneration. Vari-
ogram analysis revealed strong spatial dependence (spatial dependence degree = 99.8%),
with an exponential model providing the best fit to the data (r> = 0.676). Ordinary Kriging
yielded accurate spatial predictions (MAE = 1.25 m?>/ha, RMSE = 3.26 m?/ha), demon-
strating its effectiveness for basal area estimation in coppice oak forests.

Research implications. These findings demonstrate that geostatistical methods such as Ordi-
nary Kriging provide a precise and cost-effective alternative to traditional forest inventories,
enhancing sustainable forest management practices. The observed strong spatial dependence
of basal area confirms its suitability as a regionalized variable, facilitating the development
of optimized sampling strategies for future forest assessments. This geostatistical approach
has significant potential to improve forest resource assessment, carbon stock estimation, and
conservation planning in ecologically important ecosystems such as the Zagros oak forests.
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Annomauus

Iexp. B manHOM WMcclieqoBaHWUM OIIEHMBAeTCsS MPUMEHEHNe OOBIKHOBEHHOTO KPWUTWHTA,
reoCTaTUCTUYECKOTO MeTOJa MHTEPIOISILUM, ISl OLCHKM MHAeKca 0a3ajbHOI IIOLIaan
JIPEBOCTOSI B TTOPOCJIEBBIX AYOOBBIX Jiecax ceBepHOro pernoHa 3arpoc, MpaH.

ITpouenypa u metoabl. MccinenoBaHue MpoOBOAMIOCH B TOPOCIEBOM 1yOOBOM JieCy B CEBEp-
HoM 3arpoce, UpaH, ¢ nomuHupoBanueM Quercus brantii Hapsiny ¢ ApyrUMM BUAAMU 1y0a
(Q. infectoria n Q. libani). Jlec 3anumaer 1utoiuanb okoo 6103 ra, pacnosoXeH Ha BBICOTE OT
1280 mo 2040 M u ykioHsI BapbupytoTcst ot 0 mo 137%. dns 3akinanku 136 mpoOHBIX ILIOMIA-
neit (rmo 0,1 ra kaxaast) NpUMeHsIIach CUCTeMaTUUeCKH-ClTydaiiHasi ceTKa BbIOOPKU pa3MepoM
520x520 m. Ha KkaxmoM y4yacTKe C MOMOILBIO IITAHTEHLUIMPKYJISI U3MEPSUIM JUAMETP Ha BBICOTE
rpyau (DBH) Bcex aepesbeB ¢ DBH 5 cM 1 Gojiee 1 paccunThiBaIy NPUKOPHEBYIO TLIOIIAAb
Ha rekTap JJIsl KaXkJ/JI0ro yyacTka Ha OCHOBE COOpaHHbIX JaHHBIX C LEIbI0 pacyéTa 6a3aibHOMI
miomany. beut mpoBeagH npeaBapUTeIbHbIN aHAIU3 JaHHBIX C LIEJIbIO OLICHKN HOPMaJIbHOCTU
JAaHHBIX 0 6Ga30BOM TUIOIIAIN, BEISIBICHUS OTKJIOHEHWI M aHaIN3a TSHICHIINM, CBI3aHHBIX
C HaIpaBJeHUEM CKJIOHA. BaprorpaMMHBIii aHaIU3 BBITTOJHSIICS JUIs1 OMpeNesIeHUs] CTPYK-
TYpBbI TIPOCTPAHCTBEHHOM KOppEISInu. 3aTeM TPUMEHSIJICS OOBIKHOBEHHBIN KPUTHHT TSI
MIPOrHO3UPOBaHMS 0a3aJIbHOI IIOLIAAM IO BCEM MCCIEeIyeMOU TeppUTOPUU, IIPU ITOM
TOYHOCTb MPOTHO3a OLIEHMBAIACh TTOCPEACTBOM MEPEKPECTHOM MPOBEPKU C UCKIIOUYEHUEM
110 OJHOMY C UCTIOJIb30BAaHNEM CTATUCTHMYECKMX METPHUK, BKITIOUAs CPEIHIOI0 aOCOIMOTHYIO
omndOky (MAE), cpenHekBagpaTtuuHyto ominoky (RMSE) u nx oTHocuTeIbHBIE 3HAYEHUS.
Pesyabrartsl. Jlec neMOHCTpUpPOBa OTHOCUTEIBLHO HU3KYO Oa3aibHyto 1oianb (14,53 m?/ra)
HECMOTPSI Ha BBICOKYIO TYCTOTY CTBOJIOB (350 CTBOJIOB/Ta), UTO YKA3bIBAET HA JOMUHUPO-
BaHME MOJIOJBIX JEPEBbEB 1 MOPOCIEBOr0 BO30OHOBICHUSI. AHAIU3 TEHACHLIMI JaHHbBIX O
0a3abHOI TUIOIIANM, CBSI3aHHBIX C HaIpaBJieHHMEM CKIJIOHA, BBISIBWII CJIaOble TEHACHIITMU
BIIOJIb OCEll ceBep-10r M BOCTOK-3amaj, HO BKJIIOUEHUE 3TUX TEHACHLIUI B KPUTUHIOBYIO
WHTEPIIOJISIINIO HE TTOBBICHUIIO TOYHOCTD, TIO3TOMY OHM OBITN MCKITIOUEHBI U3 KapT TIPOTHO-
3UPOBaHUS U OLICHKU OIIMOOK IJIs1 MHAeKca Oa3ajibHOI 1uiomanyd. BapuorpaMMHbIi aHa-
JIU3 BBISBWJI CHJIBHYIO TIPOCTPAHCTBEHHYIO 3aBHCHMMOCTH (CTereHb 3aBUCHUMOCTH 99,8%),
YTO TMO3BOJISIET KJIacCU(PULIMPOBATh MHIEKC 0a3aabHOM IIOIAaN KaK pernoHaIu3upOBaH-
HYIO TIEPEMEHHYIO U TTOATBEPXKIAET UCITOJIb30BAHUE T€OCTATUCTUYECKUX METOMOB IJIs1 3(-
(peXTMBHOTO MOIEIMPOBAHUS U TIPOTHO3UPOBaHU. [1pr 3TOM 3KCITOHEHIIMATbHAS MOICIb
obecrieurBaia HaWJIy4dIllee COOTBETCTBME JaHHBIM (1> = 0,676). JInana3oH BAMSHUS WHIEK-
ca 0a3zajbHON TIoIany cocTanisieT 1554 M — MakCUMabHOE pacCTOSTHUE, Ha KOTOPOM CO-
XpaHsIeTCsI TPOCTPAHCTBEHHAsT 3aBUCUMOCTb MEXIy JaHHBIMU, UTO AeIaeT 3TOT IMAIa3oH
pelIapIrM IJIs onpeae/eHusl pa3MepoB CeTU BbIOOPKU. Banumaiysi 0ObIMHOTO KpUTMHTA
JUUISI TIPOTHO3UPOBaHUST 0a3ajibHOM TUIOLAAM MPOAEMOHCTPUPOBAJIA €ro BbICOKYIO 3 dek-
tuBHOCTE: MAE = 1,25 M?/ra, MAEr = 8,61%, RMSE = 3,26 m*/ra u RMSEr = 22,4%,
YTO TIO3BOJISIET MCIIONB30BaTh €T0 JUIA CO3MaHUs KapT NPOTHO3MPOBAHWS M CTaHOAPT-
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HBIX OIIMOOK IPOrHO3MPOBAaHUS [JIs 0a3ajbHOM ILIOLIAAM B IOPOCIEBBIX TyOOBBIX JIeCaXx.
TeopeTnyeckas v/Win NpaKTHIeCKas 3HAYAMOCTh. [loyueHHbIE pe3yabTaThl AEMOHCTPUPY-
10T, YTO T€OCTATUCTUYECKUE METOMIbl, TAKME KaK OOBIKHOBEHHBIN KPUTUHT, 00€CTIeYMBaIOT
TOYHYI0O U 3KOHOMMUYECKU I(PHEKTUBHYIO albTePHATUBY TPAAMIIMOHHBIM JECHBIM MHBEH-
Tapu3alusIM, TeM CaMbIM CITOCOOCTBYSI Pa3BUTHUIO YCTOMUYMBBIX MPAKTUK JIECOMOJb30Ba-
Hus. HaGmiopaemast cuiibHasl MPOCTPaHCTBEHHAsI 3aBUCUMOCTD 0a3ajbHOM ILIOLIAAN MO/~
TBepKaaeT €€ MPUIOAHOCTb B KaueCTBE PErMOHAIM30BAHHOI MEPeMEHHOM, CIOCOOCTBYS
pa3paboTKe ONTUMU3MPOBAHHBIX CTPATEIMii BHIOOPOYHOTO OOCIEAOBAHUS IS OYMyLLUX
JIECHBIX OILICHOK. JIaHHBIM T€OCTAaTUCTUYECKUI MOAXOMA 00JIafaeT 3HAYMTEJbHBIM TOTEH-
LMaJIOM IJIsl YJIY4YIIEeHUsT OLIEHKU JIECHBIX PECYpCOB, OMpeNeseHUs 3aracoB yriepoaa u
TJIAHMPOBAHMS TTPUPOIOOXPAHHBIX MEPOIIPUITUI B OKOJOTMYECKHU BaXKHBIX 9KOCUCTEMaX,
TaKMX Kak nyO0oBbIe jieca 3arpoca.

Karuegvie caosa: ananu3 ceMmuBapuorpamm, Jy0, MPOCTpaHCTBEHHasi W3MEHUYMBOCTD,
OlICHKa CTPYKTYpHI Jieca, Topbl 3arpoc, Quercus brantii
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nyopaBax ¢ MPUMEHEHNEM Te0CTaTUCTUIECKOTO MeTofa 0OBIKHOBEHHOTO Kpurunra // I'eo-
rpaduueckast cpena u xkuBble cucteMbl. 2025. Noe 4. C. 92—105. DOI: 10.18384/2712-762
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INTRODUCTION

Basal area is a fundamental forestry met-
ric that quantifies the cross-sectional area of
a tree trunk at breast height, typically meas-
ured at 1.3 m above ground level. Expressed
in square meters per hectare (m2/ha), it rep-
resents the cumulative area occupied by tree
stems within a forest stand, indicating stand
density and structural complexity [41; 45].

This measure is instrumental in assessing
stand density, forest structure, and biomass,
informing sustainable forest management and
ecological research. Changes in basal area over
time can indicate growth trends, competition
levels, and the effects of silvicultural treat-
ments. Additionally, basal area measurements
are integral to allometric equations that esti-
mate tree biomass and carbon stocks, facilitat-
ing assessments of carbon sequestration and
informing climate change mitigation strategies
[1;8; 13; 28; 31; 35].

Traditional forest inventory methods in-
volve ground-based data collection techniques
such as fixed-radius plots, variable-radius
plots, and transects. While these approaches
provide detailed information, they are labour-
intensive, time-consuming, and may not ad-
equately capture spatial variability across large
or inaccessible areas. Additionally, the reliance
on limited sample plots can lead to sampling
errors and may not reflect the heterogeneity of
complex forest stands [33; 38; 45; 52].

To overcome the limitations of tradition-
al inventory methods — namely, their time-
consuming nature and high costs — advanced
techniques such as geostatistics are increas-
ingly employed to model spatial patterns of
forest attributes, enabling the prediction of
variables at unsampled locations through spa-
tial data analysis. Among these techniques,
kriging has emerged as a particularly effective
tool for forest inventory and monitoring, of-
fering unbiased estimates with minimal vari-
ance and quantifiable uncertainty by lever-
aging spatial autocorrelation — the principle
that nearby observations are more similar than
those farther apart. This enhances the accu-
racy of forest attribute estimations, including
biomass, basal area, and volume, especially in
heterogeneous or uneven-aged stands. Fur-
thermore, kriging's adaptability allows for the
integration of auxiliary data sources, such as
LiDAR and satellite imagery, thereby refin-
ing forest parameter assessments. Its proven
effectiveness across various forest types and
terrains makes it invaluable for comprehen-
sive forest resource evaluations. By generating
continuous surface maps and quantifying esti-
mation errors, Kriging supports more nuanced
assessments of forest resources, ultimately fa-
cilitating sustainable management practices
and advancing ecological research [17; 21; 22;
37; 39; 40; 48].

Geostatistical methods, particularly krig-
ing and its variants, have been widely applied
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to improve forest attribute estimation across
diverse ecosystems. In Spain, universal krig-
ing outperformed the area-based approach in
predicting structural parameters such as stem
density and basal area in Scots pine stands,
especially under conditions of spatial auto-
correlation [7]. In northern China, regres-
sion kriging using Landsat 9 imagery signifi-
cantly reduced estimation errors for above-
ground biomass (AGB) in coniferous forests
[27], while a hybrid random forest/co-kriging
model showed high reliability in subtropical
regions with complex terrain [47]. Similarly,
geographically weighted regression Kriging
improved AGB predictions in heterogeneous
Amazonian forests by accounting for spatial
variation [9]. In temperate North America,
both kriging and co-kriging methods effective-
ly modeled basal area in lodgepole pine forests
using field and NDVI data, with co-kriging
yielding higher efficiency due to auxiliary
variables [10]. However, in highly fragmented
Amazonian landscapes, kriging alone struggled
to capture biomass extremes, underscoring the
importance of additional data integration [43].
At broader scales, the combination of field,
LiDAR, and satellite data within geostatisti-
cal frameworks enabled accurate national-
scale AGB mapping in Mexico [49]. Collec-
tively, these studies highlight the versatility
and effectiveness of kriging-based approaches
in enhancing the precision and spatial reso-
lution of forest resource assessments when
combined with remote sensing and ancillary
data. Kriging methods have been successfully
applied across Iranian forests for estimating
tree density, stand volume, productivity, and
health indicators. Studies show Co-kriging
outperforms Simple Kriging for tree density
estimation [16], while Ordinary Kriging pro-
vides more accurate site productivity assess-
ments than IDW [2]. Kriging excels in map-
ping stand volume [23] and diameter growth,
though IDW may be preferable for volume
increment.

In Zagros forests, Co-kriging effectively
assessed oak dieback intensity using auxiliary
variables [29], while in Caspian forests, Krig-
ing's accuracy varied with spatial autocorrela-
tion—strong for stem density but weaker for
basal area and volume [3]. Long-term moni-
toring in Mazandaran revealed Kriging's util-
ity in tracking biodiversity changes [23]. Over-

all, Kriging is a powerful tool for forest man-
agement but requires consideration of spatial
structure for optimal accuracy [16; 24;29].

Geostatistical methods, particularly Krig-
ing, have been effectively utilized in various
forest management applications across Iran,
demonstrating their efficiency in estimating
forest attributes such as tree density, stand vol-
ume, and site productivity. However, their ap-
plication in the coppice oak forests of western
Iran remains limited. A significant challenge
in applying geostatistical techniques to these
forests is the clumped spatial distribution of
trees, a characteristic resulting from tradition-
al silvopastoral management practices. This
clustering complicates the modeling of spatial
autocorrelation, which is fundamental to the
success of geostatistical analyses.

Spanning approximately 5.5 million hec-
tares in western Iran, the Zagros oak forests
constitute one of the nation’s most ecologi-
cally and economically significant ecosystems
[25; 42]. Dominated by QuercusbrantiiLindl.—
a foundational and keystone species — these
woodlands support a complex forest structure
and host a diverse assemblage of ecological-
ly important companion species, including
Quercusinfectoria, Quercuslibani, Pistaciaat-
lanticaDesf., and various species of Pyrus,
Amygdalus, and Crataegus [29; 42].

Beyond their ecological significance, the
Zagros forests provide considerable economic
value to local communities through the supply
of diverse non-timber forest products (NTFPs).
Medicinal plants, fodder, and edible fruits col-
lected from these woodlands contribute sub-
stantially to rural livelihoods [25]. Additional
income is generated through ecotourism and
traditional practices such as pollarding — lo-
cally known as Galazani, the systematic col-
lection of tree foliage for fodder, which further
strengthens local economies. Nevertheless,
unsustainable harvesting methods continue to
threaten the long-term health and sustainabil-
ity of these forest ecosystems [29].

The ecological services rendered by the Za-
gros forests are equally vital. Functioning as a
major regional carbon sink, these woodlands
play a key role in climate change mitigation
through substantial carbon sequestration [36].
Their dense vegetation cover also significantly
reduces soil erosion relative to adjacent non-
forested areas, thereby preserving watershed
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integrity and minimizing sedimentation in
critical water resources [25]. Furthermore, the
forests support rich belowground biodiversity,
particularly diverse communities of arbuscu-
larmycorrhizal fungi (AMF), including Glo-
mus and Acaulospora species. These symbiotic
fungi enhance soil fertility by improving nu-
trient cycling, while also boosting the drought
tolerance and overall resilience of the domi-
nant oak species [26].

This research aims to evaluate the use of
Ordinary Kriging, a geostatistical approach,
for estimating the basal area index in coppice
oak forests of northern Zagros, Iran, offering
a precise method to enhance sustainable man-
agement of these ecologically vital ecosystems.

The main research question is: To what ex-
tent can Ordinary Kriging accurately estimate
the basal area in coppice oak forests of the
northern Zagros region?

The findings of this study can significantly
enhance the evaluation of forest resources,
improve the accuracy of carbon stock assess-
ments, and inform conservation planning ef-
forts, particularly in ecologically sensitive re-
gions such as the Zagros oak forests.

MATERIAL AND METHODS

Study Area

The studied forest, covering approximately
6,103 hectares in the northern Zagros region
of western Iran, is located between 45°46'45"E
to 45°54'05"E and 35°48'34"N to 35°53'30"N,
with elevations ranging from 1,280 to 2,040 m
and slopes varying from 0 to 137% (Figure 1).
The region receives an average annual rainfall
of 647 mm and has an average temperature
of 11.4 °C (Kurdistan Meteorological Bureau,
2024). The forest is predominantly coppice
(sprout-origin) due to traditional silvopastoral
practices, including livestock grazing, pollard-
ing, charcoal production, and the harvesting
of non-timber forest products.

Data collection and analysis

A total of 136 circular sample plots, each
measuring 0.1 hectares, were established using
a systematic-random grid with dimensions
of 520x520 m. In this study, the minimum
measurable diameter at breast height (DBH,
1.3 m)wassetat 5 cm, and trees with a diameter

>5 cm were included in the calculation of
stand basal area. This threshold aligns with the
traditional pollarding management practice, in
which oak trees are harvested once they reach
a 5 cm diameter. Trees with diameters less
than 5 cm are considered natural regeneration.

Within each plot, the diameter at breast
height (DBH) of all trees with a DBH of 5 cm
or greater was measured using a caliper, and
the basal area per hectare was calculated for
each plot based on the collected data using
Equation (1).

9130 = 7T/4 X d% 5, (Equation 1)

Where g, ,,is the basal area of an individual
tree in the plot (cml) and d ,, is its diameter
at breast height (DBH) in centimeters.

After calculating the basal area (BA) of in-
dividual trees with DBH >5 cm within each
sample plot, the sum of these values yielded
the total BA per plot. The plot-level BA was
then converted to a per-hectare basis using
Equation 2:

BA(m?/ha) = (3 BAperplot) x 10
(Equation 2)

In Equation 2, the conversion factor of
10 reflects the fact that each sample plot cov-
ers 1,000 m2. The resulting basal area per hec-
tare values for all sample plots were then used
to compute the statistical indices of this pa-
rameter.

Exploratory data analysis was conducted
using to assess the normality of basal area data,
identify outliers, and analyze trends related to
slope direction. The spatial structure of the basal
area index was analyzed by constructing and
plotting semi-variograms using GS+ software,
with variogram parameters determined to assess
spatial patterns. Additionally, the isotropy or
anisotropy (directional variability) of the basal
area index was evaluated by generating and
analyzing surface variograms. The degree of
spatial dependence (DSD) was -calculated
using equation 3:

Sill-Nuggetef fect
Sill

DSD = ( ) X 100 (Equation 3)
where: Sill represents the total variance of the
data and nugget effect is the variance at zero
distance.

TFEOT'PAOUYECKASA CPEJA U 2KUBBIE CUCTEMBI Ne 4 2025



OLIEHKA BA3AJIbHOM TIJIOLIAIU IPEBOCTOS B [TOPOCJIEBBLIX IYBPABAX 97

The spatial dependence degree (SDD) was
categorized based on the thresholds proposed
by [14; 18]: Weak structure: SDD < 25%; Av-
erage structure: 25% < SDD < 75%; Strong
structure: SDD > 75%.

Ordinary Kriging interpolation was used
to generate prediction and prediction stand-
ard error maps for the basal area index, based
on data from 136 georeferenced sample plots.
The accuracy of Ordinary Kriging estimates
was evaluated through cross-validation us-
ing statistical metrics such as Mean Abso-
lute Error (MAE), Root Mean Square Error
(RMSE), relative MAE (MAETr), and relative
RMSE (RMSEr), calculated with Equations
(4) to (7) [15].

N
1
MAE = NZ'Z(Xi) —2(X,)| (Equation 4)
i=1

MAE

MAEr = 7D

x 100 (Equation 5)

RMSE = \/%Z%\Ll[z(Xi) — 2(X;)]? (Equation 6)

RMSEr = S5t

Z(X1)

where: N is the number of sample plots, Z (X)) is

the predicted basal area, and Z(X) refers to
the observed basal area.

X 100 (Equation 7)

Software Tools

Descriptive statistics and data normality
tests were performed in R. Spatial trend anal-
ysis of density indices was carried out in Arc-
GIS 10.8. GS+ 5 was used to generate semi-
variograms and analyze the spatial structure
of stand density. Geostatistical analyses — in-
cluding trend assessment and Ordinary Krig-
ing interpolation — were executed in ArcGIS
10.8 via the Geostatistical Analyst extension’s
Geostatistical Wizard. Finally, to evaluate
model accuracy, we applied leave-one-out
cross-validation in ArcGIS 10.8, comparing
the predicted values for each of the 136 sample
plots against the corresponding field-measured
values and calculating error statistics (MAE,
MAEr, RMSE, and RMSEr). In this method,
each sample is used once as a test case, while
the remaining samples constitute the training
set for model generation.

RESULTS AND DISCUSSION

Data analysis from sample plots indicates
that the mean basal area is 14.53 m? per hec-
tare. Despite a relatively high tree density
of 350 stems per hectare, the low basal area
suggests a predominance of young trees and
root/stem sprouts with small diameters in the
structural composition of the studied forest
(Table 2). These findings are consistent with
previous research conducted in the same re-
gion, which reported similar stand structures
characterized by high stem density and low
basal area due to the abundance of juvenile
trees and root sprouts [19].

A trend analysis of basal area data related
to slope directionrevealed weak trends along
the north-south and east-west axes (Figure 2),
but incorporating these trends into Kriging in-
terpolation did not enhance accuracy, so they
were excluded from the prediction and error
estimation maps for the basal area index.

The variogram analysis for basal area, as
presented in Table 1, indicated that the ex-
ponential model provided the best fit, sup-
ported by a coefficient of determination
(r> = 0.676) and a low residual sum of squares
(RSS =0.0129), explaining approximately
68% of the variability in basal area. The mod-
erate RI value suggests that while the model
captures a significant portion of the spatial var-
iability, there remains unexplained variance,
possibly due to factors not accounted for in
the model or inherent randomness in the sys-
tem. The choice of the exponential model is
particularly appropriate when the spatial auto-
correlation decreases gradually with distance,
a common scenario in forest stands where en-
vironmental factors and biological interactions
influence tree growth over space. In summary,
the application of the exponential variogram
model in this context is supported by both the
statistical metrics obtained and corroborating
studies in similar forest settings, reinforcing its
validity for analyzing spatial patterns in basal
area. This outcome aligns with findings from
other studies that have employed exponential
variogram models to characterize spatial vari-
ability in forest attributes [32; 46].

The basal area displayed isotropic behav-
ior, as indicated by an anisotropy ratio of less
than 2 (Table 1) and confirmed by the sym-
metrical surface variogram in Figure 3, lead-
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ing to the use of an omnidirectional variogram
for geostatistical modeling of the basal area
index (Figure 4).

The basal area index shows a spatial de-
pendence degree (SDD) of 99.8%, indicating
very strong spatial dependence and classifying
it as a regionalized variable, which validates
the use of geostatistical methods for effective
modeling and prediction [6; 18].

The range of influence for the basal area
index was determined to be 1,413 m, indicat-
ing the maximum spatial extent over which
significant spatial dependence exists among
observations. Beyond this threshold, spatial
autocorrelation diminishes and the basal area
values become effectively independent. In geo-
statistics, the range parameter derived from the
variogram is a critical measure, as it defines the
distance beyond which spatial correlation be-
tween sampling points becomes negligible. This
metric plays a fundamental role in the design
of an efficient sampling network by guiding the
optimal spacing between sample plots to ac-
curately capture spatial variability [5; 12; 20].

The nugget effect for the basal area was
found to be very small (0.001), indicating that
only a minimal portion of the total variance
is attributable to unexplained factors such as
measurement error or microscale variability.
This low nugget value reflects high spatial
continuity and suggests that the exponential
variogram model effectively captures the un-
derlying spatial structure of the data.

According to Webster and Oliver [50], a
negligible nugget effect implies that the ma-
jority of spatial variation is accounted for by

Table 1 / Tabauua 1

the structured component of the variogram,
thereby enhancing the precision and reliability
of spatial predictions. Similarly, Goovaerts [20]
highlights that a small nugget effect is indicative
of strong spatial autocorrelation, demonstrat-
ing that the spatial variability is well-organ-
ized and predictable — an essential attribute
for robust spatial interpolation and modeling.

The sill value of 0.4, determined through
variogram analysis (Table 1), indicates the
level at which the semivariance reaches stabil-
ity, signifying the distance beyond which spa-
tial dependence among observations becomes
negligible. In geostatistics, the sill represents
the total variance of the variable when spa-
tial autocorrelation ceases, thereby quantifying
the overall variability in the absence of spatial
structure. The observed sill value of 0.4 for the
basal area index suggests a moderate level of
total variance, beyond which spatial correlation
is minimal and data points can be considered
spatially independent. This information is vital
for guiding the design of sampling networks and
for improving the understanding of the spatial
structure of basal area in the study region.

A higher sill value reflects greater variabil-
ity within the dataset, whereas a lower sill in-
dicates greater homogeneity. As a key param-
eter in variogram modeling, the sill defines
the plateau reached by the semivariogram
and serves as a measure of the spatial range
of correlation. Precise estimation of the sill is
crucial for effective spatial interpolation and
modeling, as it delineates the extent to which
spatial dependence influences the variable of
interest [34; 44].

Result of variogram analysis for basal area / Pe3yabraT aHaam3a BapuorpaMmsl 1Jis1 0a3a/IbHOI

obnacTu
Fitted model (Co) (©) Co+C A0 (m) |SDD(%) Ar r? RSS
Exponential 0.001 0.400 0.401 1,413 99.8 1.6 | 0.676 0.0129
Spherical 0.279 0.280 0.559 9,110 50.1 1.6 | 0.289 0.271
Gaussian 0.323 0.486 0.809 12,464 60.1 1.6 | 0.179 0.0312
Symbols:
Co — nugget effect; SDD - Spatial dependence degree according to Ganawa
C — Structural variance; et al. (2003);

Co + C—sill;
A0 — range of spatial dependence;

Ar — Anisotropy ratio;
r2— coefficient of determination;
RSS — residual sum of squares

Source: compiled by the authors
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Fig. 1 / Puc. 1. Location of the study area in Iran (a), Kurdistan Province (b), and sample plot’s loca-
tions within the study area (c) (Satellite Image from Landsat 8 (RGB 453)) / MecTtononoxeHue uc-
cieayemoro pailoHa B MpaHe (a), npoBuHuuu Kypaucran (b) 1 MECTONOJIOXEHMST yyacTKa JJisi 0Toopa
npo0 B Mpeaeax uccienyemMoro paiioHa (c) (cnmytHukoBoe n3oopaxeHue ¢ Landsat 8 (RGB 453))

Source: compiled by the authors

Fig. 2 / Fig. 2. Spatial trends in basal area field data across the study area in the west-east (X) and the
north-south (Y) directions. The Z-axis represents the values of the examined basal area / IIpoctpaH-
CTBEHHbBIC TPEH/IBI MOJICBBIX TaHHBIX 0a3aJIbHOM TIIOLIAAM IT0 MCCIISIyeMOM TUIOIIaay B HaIIpaBICHUSIX
3amnana-Boctok (X) u ceBep-tor (Y). Ochk Z mpeAcTaBisieT 3HaUeHUsT UCCAeayeMoil 0a3aabHON TIoIaan

Source: compiled by the authors

GEOGRAPHICAL ENVIRONMENT AND LIVING SYSTEMS No. 4 2025.



100 T'AXPAMAHMU J1., TP BABATAP M.

lare. e
419. o-J) "N
"" A 0 & ‘e
» . 0100
)« 4 -
0 v -
A8 02 A "o
o0 &g ’ ::
A’ ! &
ot s oim
o . oun
ol o) e
(Rl ]
'l
o
"

%é- 6\‘5’

e
5
Fig. 3 / Puc. 3. Surface variogram maps in the west-east (W-E) and north-south (N-S) directions, cal-

culated for tree basal area / KapTbl BaprorpaMm NoBEepXHOCTU B HampaBjieHUsX 3anaa-BocToK (W-E) u
ceBep-tor (N-S), paccuntaHHBIE IS TUIOLIANA OCHOBAHUS ICPEBhEB

Source: compiled by the authors
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Fig. 4 / Puc. 4. Best-fit isotropic semivariogram models (with search neighborhood=>5) of basal area /
Haubonee moaxonsiiye N30TPOIHBIE CEMUBAPUOTPaMMHBIE MOZEIH (C TIOUCKOBOM OKPECTHOCThIO = 5)

0aszajbHOI ILIoLIAAN
Source: compiled by the authors
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Fig. 5 / Puc. 5. Prediction map (a) and prediction standard error map (b) of basal area for the study
area / [IporHo3Has kKapTa (a) U cTaHAapTHasI KapTa OLIMOOK MporHo3uposaHus (b) 6azaabHOil obnacTu

JJIA HCCJ’IGI[YCMOﬁ obiactu

The validation of ordinary kriging for pre-
dicting basal area demonstrated its strong
performance, with MAE = 1.25 m?/ha,
MAEr = 8.61%, RMSE = 3.26 m?/ha, and
RMSEr = 22.4%, leading to its use in gener-
ating prediction and prediction standard error
maps for basal area, as shown in Figure 5.

The ordinary kriging method provided ba-
sal area estimates very close to field-measured
values, with an estimation error of 9.9%,

Table 2 / Tabauua 2

Source: compiled by the authors

matching the field sampling error and con-
firming the reliability of geostatistical esti-
mates (Table 2).

Ordinary kriging has been proven effective
in estimating forest characteristics such as stand
volume, basal area, tree density, tree height,
Forest canopy height,and canopy cover, making
it a reliable and accurate tool for gathering for-
est structure data and supporting effective forest
management [3; 4; 11; 16; 30; 33; 48; 51].

Summary statistics of basal area index at field sample plots and estimated using the ordinary
kriging interpolation method / CBomHas cTaTHCTHKA MHAEKCA 0a3aJIbHOI MJIOHIAAM HA yY4acTKaX
M0JIeBbIX BIOOPOK M OIIEHKA ¢ MCMOJb30BAHHEM METOAA OObIYHOI WHTEPMOJISINN KPUTHHTA

Estimation method n Mean | SD | Min | Max | CV (%) | CS CK | E (%)
Georeferenced sampling | 136 | 14.53 | 8.5 | 2.39 | 35.84 58.5 0.61 | -0.46 9.9
Ordinary Kriging 136 | 14.52 | 8.36 | 2.40 | 35.8 57.6 0.61 | -0.46 9.9
Symbols:

n —Sample Size;
SD —Standard deviation;
CV — Coefficient of variation;

CS — Coefficient of asymmetry;
CK — Coefficient of kurtosis;
E — Error of estimate

Source: compiled by the authors
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CONCLUSION

This study demonstrates that Ordinary
Kriging is an effective geostatistical method
for estimating basal area in coppice oak forests
of northern Zagros, Iran. The results revealed
strong spatial dependence (SDD = 99.8%) in
basal area distribution, with the exponential
variogram model providing reliable predictions
(MAE = 1.25 m?>/ha, RMSE = 3.26 m?/ha).
The minimal nugget effect (0.001) and high
model accuracy confirm the robustness of this
approach for spatial forest assessment. Based
on the variogram range of 1,413 m, a sam-
pling interval of approximately 700 m is rec-
ommended. This spacing balances the need
to capture spatial autocorrelation effectively
while providing sufficient resolution for de-
tailed spatial analysis. Adjustments to this
spacing may be necessary based on specific
study objectives, terrain complexity, and re-
source availability.

The findings highlight the potential of
geostatistical techniques to overcome limita-
tions of traditional forest inventories, offering
a cost-effective and precise tool for sustain-
able forest management. By enabling accurate
mapping of basal area, this method supports
improved biomass estimation, carbon storage
assessment, and conservation planning in eco-
logically vital oak ecosystems. Future research
could expand applications to other forest at-
tributes and regions, further validating the
utility of geostatistical approaches in forestry.
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POIHBIX pecypcoB YHUBepcuTera Kypnncrana m HayaHo-mccieoBaTe IbCKOro IIEHTpa 0 M3YIeHUTO U
pa3BUTHIO JiecHOTO X03siicTBa CeBepHOTO 3arpoca mMeHM Hokropa Xemasrta [azandapu;

e-mail: m.bavaghar@uok.ac.ir; ORCID 0000-0002-4649-6705
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