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A GIS BASED LANDSLIDE SUSCEPTIBILITY
MAPPING USING MIACHINE LEARNING AND
ALTERNATIVE FOREST ROAD ROUTES
ASSESSMENT IN PROTECTION FORESTS
MAPIRANJE OSJETLJIVOSTI NA KLIZISTA NA TEMELJU GIS-A

ISORIéTENJEIVI STROJNOG UCVIENJVA | PROCJENE ALTERNATIVNIH
SUMSKIH PUTOVA U ZASTITNIM SUMAMA

Ender BUGDAY'

SAZETAK

Sumarske aktivnosti treba provoditi u okviru odrzivog $umarstva, dok se ubiru blagodati $umarstva. U skladu s
tim, izgradnju cesta kroz $ume treba paZljivo planirati, posebno u zagtitnim $umama. Sumska podruéja u Turskoj
op¢enito su $iroko rasprostranjena u planinskim i visoko nagnutim podru¢jima koja su osjetljiva na klizista -
osjetljivost na klizista jedan je od najvaznijih kriterija za odabir zasticenih §uma. Kao takvo, vazno je procijeniti
detaljne i primjenjive alternative u pogledu posebnih podru¢ja i privatnih suma. Cilj ovoga istrazivanja je utvrditi
alternativne pravce za Sumske ceste u zasticenim $umama koristenjem geografskih informacijskih sustava (GIS),
posebno u podrucjima s velikom osjetljivos¢u na klizita. U tu svrhu izradena je karta osjetljivosti na klizista (LSM)
koristenjem metoda modeliranja logisticke regresije (LR) i sluc¢ajnih §uma (RF), koje se Siroko koriste u strojnom
ucenju (ML). Odabrana su dva modela s najvisim radnim karakteristikama prijamnika (ROC) i povr$inom ispod
krivulje (AUC), te deset ¢imbenika (nagib, nadmorska visina, litologija, udaljenost od ceste, udaljenost do greske,
udaljenost od rijeke, zakrivljenost, indeks snage struje, koristeni su indeks topografskog polozaja i indeks vlazno-
sti topografije). Najbolja metoda modeliranja LSM bila je AUC. Vrijednost AUC bila je 90,6% s RF pristupom i
80,3% s LR pristupom. Stvoreni LSM-ovi koristeni su za odredivanje alternativnih putova koji izracunavaju ana-
lizu putanja troskova. Nadamo se da ¢e osjetljivost na kliziSta i odabir alternativnih putnih pravaca §umskih pu-
teva utvrdenih pristupima i tehnikama u ovoj studiji biti od koristi planiranju Sumskih cesta, kao i donositeljima
planova i odluka.

KLJUCNE RIJECI: Sumarstvo, otkrivanje alternativnih ruta, put trokova, slu¢ajna $uma, logisti¢ka regresija

INTRODUCTION
uvoD

Ideally, the continuity of goods and services provided by
forestry should be ensured while the integrity of forest
ecosystems is preserved (Colchester, 1994; Dorren et al.
2004; Blaser and Gregersen 2013). Greater importance sho-

uld be given to protection forests due to the challenges they
face (Lamsal 2011). Protection forests are defined through
a general framework of regulations both in Turkey and
throughout the globe (Weiss 2000; Bauer et al. 2004; Var-
mola et al. 2004; GDF 1984). Certain criteria must be met
for a forest to qualify as a protection forest, including ava-
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lanches, landslides, and areas with high erosion sensitivity.
They should prevent the filling of dams, lakes and river
beds, and its adverse effect on the environmental health of
settlements (GDF 1984). Forest road construction falls un-
der the category of construction works that can harm the
environment (Boston, 2016); harm that is mostly the result
of defective planning (Gumus et al. 2008; Bugday 2018).

In order to prevent further damage to protection forests
in areas with topographical and spatial challenges (Hayati
et al. 2012; Akay et al. 2014), it is important to carefully
plan and implement those plans in a manner that minimi-
zes the destructive environmental effects of forest road
construction.

Geographic Information Systems (GIS) software has pro-
ved advantageous in decision-making and planning pro-
cesses (Phua and Minowa 2005). Multicriteria analysis,
which informs GIS-based decisions in spatial and tempo-
ral contexts for both national and international studies,
can be highly accurate and time-efficient by leveraging
computers (Tan et al. 2021), and various modeling
approaches can be used to generate GIS-based LSMs. Some
of these approaches include: Fuzzy Logic (Stanley and
Kirschbaum, 2017), Support Vector Machine (Kavzoglu et
al. 2015), Frequency Ratio (Yilmaz and Keskin 2009), Lo-
gistic Regression (Zhou et al. 2021), Weights of Evidence
(Pradhan et al. 2010), Adaptive Neuro-Fuzzy Inference
System (Bui et al. 2012), Decision Tree (Arabameri et al.
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2021), Machine Learning (Kavzoglu et al. 2019), Analytic
Hierarchy Process (Laschi et al. 2016; Kadi et al. 2019) Ar-
tificial Neural Network (Jesudasan and Saravanan 2021).
In addition, although there is no settled understanding in
LSM modeling studies, generally aspect (Yan et al. 2019),
slope (Sun et al. 2020), elevation (Du et al. 2017), curvature
(Wang et al. 2020), distance to fault (Demir 2018) - road
(Tang et al. 2021) - stream (Kalantar et al. 2018), land-use
(Nohani etal. 2019), lithology (Paryani et al. 2020), NDVI
(Pourghasemi et al. 2020), Stream Power Index (SPI)
(Hong et al. 2018), Topographic Position Index (TPI) (Xie
etal. 2021), and Topographic Wetness Index (TWTI) (Ghe-
shlaghi et al. 2021) etc. factors are widely used.

Forest roads include not only the basic facilities but also
the structures required for the execution of forestry acti-
vities (Demir 2007). Forest roads should be well designed
(Akay et al. 2019), because they can negatively affect un-
derground (Haskell, 2000) and aboveground (Fallahchai
et al. 2018) elements. As such, it is vital, both in terms of
ecological and nature-friendly engineering, that plans for
roads in protection forests with high landslide susceptibi-
lity and topographically negative features are detailed and
provide alternatives in order to ensure roads are built in
line with their purpose.

The aim of this study is to generate LSMs that can be used
during planning phases as the basis for the determination
of forest road routes in protection forests and establish a
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Figure 1. Location of landslides in the study area
Slika 1. PoloZaj kliziSta na istrazivanom podrucju
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platform for planners and decision makers to identify al-
ternative routes by using modern methods. Sixteen diffe-
rent models were created through two different ML
approaches: LR and RF modeling. Alternative forest roads
were computed using the same approaches. Curvature, dis-
tance to fault, lithology, distance to road, slope (degree),
stream power index (SPI), distance to stream, topographic
position index (TPI), and topographic wetness index (TWI)
factors were used for the modeling. The two models with
the highest AUC value were used to calculate alternative
routes by using least cost path analysis and ArcGIS software.
During the last phase of this study, the alternative routes
were compared with a route created through the classical
approach.

MATERIAL AND METHODS
MATERIJAL | METODE

Study Area — Prostorno podrucje

The study area was conducted in the Erikli region, Yaprakli
District, of the Cankir1 province in northern Turkey. The
area falls under the administrative responsibility of the Er-
ikli Forestry Operations Directorate, which is affiliated to
the Cankir1 Forestry Operations Directorate of Ankara Re-
gional Directorate of Forestry. This area has a history of
landslide events. The protection forests have an area of
149.38 km? and are located at a latitude between 40° 37° 47”
and 40° 44’ 46” and a longitude between 33° 56’ 34” and 34°
05’ 25”. Black pine (Pinus nigra Arnold) forests dominate
this area while there are also stands. These forests have been
named as protection forests by the General Directorate of
Forestry (GDF). Almost all roads in the studied area are
forest roads with road formation width of 6 m, and their
total length is 157.96 km. The general forest road density
is 10.57 m/ha. The area’s altitude varies between approxi-
mately 790 m and 1,520 m with an average elevation of
1,210 m. The maximum slope is 67.6 degrees, and the av-
erage is 16.5 degrees. During the training phase, data on
70% (61 landslides) of the total 87 landslides that occurred
in the studied area were selected, and data on the remain-
ing 30% (26 landslides) were used during the testing phase.

LSM Modeling Process — LSM Proces modeliranja

The digital elevation model (DEM) was obtained free of
charge from ASTER-GDEM (published on the web) and
elevation, curvature, slope, SPI, TPI, and TWT factors were
created using ArcGIS 10.3 TM software. Distance to road
was obtained from the Forest Subdistrict databases. Litho-
logy, distance to fault, and distance to stream factors, as well
as field data of past landslides, were obtained from the Ge-
neral Directorate of Mineral Research and Explorations
(GDMRE) (Duman et al. 2011).

Curvature (Figure 2a) is commonly used in LSM modeling
studies because it helps predict the direction and severity
of landslides (Dou et al. 2019). Distance to fault is an im-
portant and significant factor in the triggering of landslides
(Massey et al. 2020). In the studied area, the distances were
0.5, 1, 3, 5, 10, and 20 km (Figure 2b). The lithology factor
has high significance; it determines both landslide suscep-
tibility and cost of forest road construction since it provides
information on the characteristics of the bedrock (Borou-
ghani et al. 2020). For this study, lithology was evaluated
for five different groups (Figure 2¢). Distance to road is an
artificial factor affecting landslide formation that is frequ-
ently used in national and international literature to deter-
mine landslide susceptibility (Li and Chen 2020; Bugday
and Akay 2019) (Figure 2d). Slope is a main factor in lan-
dslide formation (Pourghasemi et al. 2021) and, similar to
the lithology factor, also affects cost. Five different classes
(0°-5.71° 5.71°-13.80°, 13.80°-21.88°, 21.88°-31.99° and
> 32°) were added to the analysis based on the Internatio-
nal Union of Forest Research Organizations (IUFRO) slope
classes (commonly used in Turkey) (Figure 2e). The stream
power index (SPI) was computed with the assumption that
the flow (q) is proportional to the specific catchment area
(As) and is expressed as the ability of the current water flow
in the basin to cause erosion (Achour and Pourghasemi
2020) (Figure 2f). Distance to stream is a factor commonly
employed in studies that consider the significance of proxi-
mity relations in landslide susceptibility (Senouci et al.
2021). Distances are expressed as zones with 0.5, 1, 2, 5 and
10 km intervals (Figure 2g). Topographic Position Index
(TPI) is used in landslide susceptibility studies to determine
the cell position relative to ridges and valleys, where posi-
tive values represent ridges, negative values represent
valleys, and zero values represent flat areas (Jenness 2006)
(Figure 2h). The TWI factor is used to express the location
and spatial dimensions of water-saturated areas (Eiras et
al., 2021) (Figure 2i).

LSM Process — LSM proces

In this study, the LSM Tool Pack, developed by Sahin et al.
(2020), was used to create an LSM. LSM prediction models
were created using the factors shown in Figure 2, using LR
and RF modeling methods.

ArcGIS 10.3 software used LR and RF methods to evaluate
the factors for this study. Information on past landslide
events and on areas where landslides have never occurred
was tested to validate the models. The validation of the mo-
dels created by LR and RF methods was tested using recei-
ver operating characteristic (ROC) analysis and the Area
Under ROC Curve (AUC) value. In the literature, the AUC
score is expressed as follows: 0.9-1.0 = excellent; 0.8-0.9 =
very good; 0.7-0.8 = good; 0.6-0.7 = moderate; 0.5-0.6 =
poor (Bradley, 1997).
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Figure 2. LSM factors in forested area; (a) curvature, (b) distance to fault, (c) lithology, (d) distance to road, (e) Slope(degree), (f) Stream Power
Index (SPI), (g) distance to stream (h) Topographic Position Index (TPI), and (i) Topographic Wetness Index (TWI)
Slika 2. LSM faktori u Sumovitom podrucju; (a) zakrivljenost, (b) udaljenost do rasjeda, (c) litologija, (d) udaljenost do ceste, (e) nagib (stupanj), (f) indeks
snage struje (SPI), (g) udaljenost do struje (h ) Indeks topografskog polozaja (TPI) i (i) indeks vlaznosti topografije (TWI)

Detection of Alternative Forest Road Routes —
Otkrivanje alternativnih Sumskih puteva

The last phase of the study was the generation of alternative
road routes. ArcGIS-Cost Path analysis was carried out on
a computer. Bases of single or multiple criteria (weighted
and unweighted) can be employed in the analysis of routes

(ESRI 2016). This methodology was applied to three alter-
native scenarios in order to identify alternative road routes
that were compared in order to determine the effectiveness
and sensitivity of this approach.

The route determination study started by determining two
points outside existing roads that connect to each other and
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Figure 3. Study flowchart
Slika 3. Dijagram toka studije

to the planned alternatives, and route limitation was made
by positioning the starting and destination points. First,
road planning was carried out using the slope criterion used
by the traditional approach. Second, the route was recalcu-
lated using ArcGIS Cost Path analysis, taking into account
the landslide susceptibility obtained through the LR and RF
methods. This study’s workflow is sum rized in Figure 3.

RESULTS
REZULTATI

During the first phase, according to the importance of each
factor as given by Sahin et al. (2020), chi-square, informa-
tion gain, and random forest importance were applied from
high to low importance as listed in Table 1. The table shows
that each method and factor produced different feature

Table 1. Feature importance’s of the feature ranking algorithms
Tablica 1. ZnaCaj znaCajke algoritama za rangiranje znacajki

Chi-Squared
Hi-Kvadrat

Factors
Cimbenici

Factors

Cimbenici

weights and are in different rankings, according to the sta-
tistical method. There are differences between the first three
factors in the chi-square ranking and in the factor rankings
of information gain and random forest importance. Selec-
tions were based on the values obtained from the chi-square
to determine the models and modeling that was carried out.

To determine the effects of the factors on the performance
of the prediction model (Sahin et al. 2020), the factors’ im-
portance values were ranked in ascending order. The fac-
tors that provided high performance (by choosing the best
subset) were estimated in order to determine the highest
AUC values. Various statistical tests (Wilcoxon signed-rank
test, F-Test, Kolmogorov Smirnov test, and One Sample T-
Test) were used by the LSM Tool Pack (Table 2). For this
study, the Case 1 model-7 scenario was chosen. The best
possible scenarios, using combinations of factors, are
shown in Table 2.

Logistic Regression — Logisticka regresija

The LR modeling approach has been frequently and widely
used in landslide-susceptibility studies. The most successful
combinations, using nine factors in total, are shown in Ta-
ble 2. The AUC value (97.5522) of the Case 1 model-7 sce-
nario, which was selected as the most successful LR
approach, the estimated factors, std. Error, z-value, and Pr
values are shown in Figure 4. The curvature factor correla-
ted negatively with landslide formation, while the remai-
ning eight factors (distance to fault, lithology, distance to
road, slope, SPI, distance to stream, TPI, and TWTI) corre-
lated positively. Furthermore, slope, TP, lithology, distance

Factors
Cimbenici

Information Gain
Dobivanje Informacija

Random Forest Importance
Znacaj Slucajnih Suma

U (Zglgr;:;:ljrfst) LRt (Uda/lj?eirsiggt st'lt;i?‘;zama)
2 ( Udaljf,'Dlirscgtz3 cfliu_(lytres”ke) G topongaF;Isl((g]; th(joz'aja)
S Udafostdocose) 03592 gt (stipan)
& (Udaljl':f)zi:gsot Zt;esa;‘::ama) Uien (Iij';::]lczzlggjz )
: (EES%Z% 0,23980 (Uda/jeDri;;? cflzuglytre§ke)
6 (/Svl:gs) ((2?3;;:191/)) 0,22645 wdafgﬁzf?fﬁf st
) Sl g St
5 topog;F;lsl((I:; Zﬁjoz’aja) i (Zgl?r;zfjg;)fst)
TWI (Indeks 0,08544 TWI (Indeks

Topografska vlaZnost)

Topografska vlaZnost)

Dis.to stream

L (Udaljenost do streama) S
0,23300 WmEs 91,65237
topografskog poloZaja)
Slope (Degree)
0,11658 (Nagib (stupanj) 74,57421
0,08317 Ly 57,42980
(Litologija)
Dis.to road
Uil (Udaljenost do ceste) BT
Dis.to fault
G (Udaljenost do greske) e
0,02611 Sltels e 33,59275
strujanja)
TWI (Indeks
L2 Topografska vlaZnost) LI
Curvature
0,00740 \Zakrivljenost) 11,12684
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Table 2. Best factors combinations according to Chi-Square, Information Gain, and Random Forest Importance
Tablica 2. Najbolje kombinacije ¢imbenika prema Chi-Squareu, dobitku informacija i slu¢ajnoj vaznosti Suma

Statistical test ~ Model No: The best
used for subset subset size selected by
selection performance of LR
Broj modela: Najbolja
velicina podskupa
odabrana prema
performansama LR

Feature
ranking
method
Nacin
rangiranja
znacajki

Features in the best subset
Znacajke u najboljem podskupu

Case no
Slucaj br

Statisticki test
koji se koristi za
odabir
podskupa

Dis.to Stream, TPI, Slope, Lithology, Dis.to Fault, Dis.to Road, and SPI

Chi-Square Slucaj 1 Ftest Model 7 Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
- 3 Il , zaja, 10, Li ja,
i e i L Udaljenost do greske, Udaljenost do ceste, Indeks snage strujanja
Kolmodorov Model 7 Dis.to Stream, TPI, Slope, Lithology, Dis.to Fault, Dis.to Road, SPI
Slucaj 2 Smirn 09\’, test Model 7 Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
Udaljenost do greske, Udaljenost do ceste, Indeks snage strujanja
Dis.to Stream, TPI, Slope, Lithology, and Dis.to Fault
.. Model 5 . . . ..
Slucaj 3 CLo I Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
LSS WS Udaljenost do greske
Wilcoxon Model 8 Dis.to Stream, TPI, Slope, Lithology, Dis.to Fault, Dis.to Road, SPI, Curvature
Slucaj 4 signed-rank test Model 8 Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
Udaljenost do greske, Udaljenost do ceste, Indeks snage strujanja, Zakrivljenost
'"f°(’3’:i‘:]“°" Vodel 7 Dis.to Stream, TP, Slope, Lithology, Dis.to Fault, Dis.to Road, SPI
P Slucaj 5 F-test Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
Dobivanje Model 7 Udalienost d Ske. Udalienost d te Indek truiani
Informacija laljenost do greske, Udaljenost do ceste, Indeks snage strujanja
Kolmodorov Model 6 Dis.to Stream, TP, Slope, Lithology, Dis.to Fault, Dis.to Road
Slucaj 6 Smi g Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
mirnov test Model 6 . M ;
Udaljenost do greske, Udaljenost do ceste
One Samole Model 8 Dis.to Stream, TPI, Slope, Lithology, Dis.to Fault, Dis.to Road, SPI, Curvature
Slucaj 7 TTes tp Model 8 Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
Udaljenost do greske, Udaljenost do ceste, Indeks snage strujanja, Zakrivljenost
. Dis.to Stream, TPI, Slope, Lithology, Dis.to Fault
.. Model 5 . . L. .
Slucaj 8 . Wilcoxon Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
signed-rank test Model 5 Udaljenost do greske
il Stutai Model 7 DI.S.tO Stream, TP, Slope, Lithology, Dis.to Fauvlt,_Dls.to _Roa(.i, SPI"
75-Suma lucaj 9 F-test Model 7 Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
Udaljenost do greske, Udaljenost do ceste, Indeks snage strujanja
Dis.to Stream, TPI, Slope, Lithology, Dis.to Fault
o Model 5
Slucaj 10 Kol_m ogorov Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
Ll AL Wi Udaljenost do greSke
One Samole Model 8 Dis.to Stream, TP, Slope, Lithology, Dis.to Fault, Dis.to Road, SPI, Curvature
Slucaj 11 T—Testp Model 8 Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,
Udaljenost do greske, Udaljenost do ceste, Indeks snage strujanja, Zakrivljenost
Wilcoxon Model 6 Dis.to Stream, TPI, Slope, Lithology, Dis.to Fault, Dis.to Road
Slucaj 12 signed-rank test Model 6 Udaljenost do streama, Indeks topografskog poloZaja, Nagib, Litologija,

Udaljenost do greske, Udaljenost do ceste

to fault, road and stream, and the TWI factors were more
important than other factors (curvature and SPI) in terms
of statistical significance.

Random Forest — Sluc¢ajna suma

The RF approach was used for modeling, employing the
same nine factors to make comparisons. The most succe-
ssful model (Case 1 model-7) was calculated to have an

AUC value of 99.9862. The AUC value computed through
this modeling approach and the factors’ order of impor-
tance are shown in Figure 5.

The ranking was found to be distance to stream, TPI, slope,
lithology, distance to road, distance to fault, SPI, TWI, and
curvature. The three factors with the highest importance
in this ranking were distance to stream, TPI, and slope.
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8 Coefficients Estimate Std. Error  z value = Pr(>[z|)
(Intercept) -8.51E+00 7.84E-01 -10.859 < 2e-16 ***
g Slope 2.69E-01 2.13E-02 12.617 < 2e-16 ***
TPI 1.12E-01 8.81E-03 12.709 < 2e-16 ***
s Curvature  -5.40E-02 1.08E-01 -0.501 0.6162
§ & Lithology 8.28E-01 8.71E-02  9.501 < 2e-16 ***
2 Fault 1.14E-01 3.48E-02  3.265 0.00109 **
g 2 Road 2.09E+00 2.66E-01  7.859 3.87e-15 ***
SPI 5.24E-05 6.87E-05  0.763 0.44566
g Stream 2.34E-01 6.15E-02  3.808 0.00014 ***
TWI 4.49E-01 7.74E-02  5.805 6.43e-09 ***

Signif. codes: 0'#%%' 0.001 "**' 0.01 "*' 0.05'"0.1"" 1
o — LogRegAUC:97:5522 (Dispersion parameler for binomial family taken to be 1) - Null

\ T T I T T deviance: 1987.95 on 1133 degrees of freedom Residual deviance:
100 80 60 40 20 0 61425 on 1424 degrees of freedom - AIC: 634,29 - Number of Fisher
Specificity (%) Scoring iterations: 7

Figure 4. Best LR model AUC score and statistics on factors
Slika 4. Ocjena AUC najboljeg modela LR i statistika o faktorima
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Figure 5. Best RF model AUC score and order of importance of factors
Slika 5. Ocjena AUC najbolieg RF modela i redoslijed vaznosti ¢imbenika
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Figure 6. Models performance results of LR and RF
Slika 6. Modeliraju rezultati izvedbe LR i RF
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Figure 7. LSM generated from the LR and RF methods and calculated CostPath road route

Slika 7. LSM generiran iz LR i RF metode i izradunata CostPath cestovna ruta

Performance Comparison of The Best Model —
Usporedba izvedbe najboljeg modela

During this phase, the performance of the best LSM models
(model 7) produced through the LR and RF approaches
was compared. According to the test results (Figure 6), the
best model in both approaches was model 7, with an LR-
AUC score = 0.70 and an RF-AUC score = 0.80. The LR
and RF approaches are at good and very good model
success levels, respectively.

Detection of Alternative Forest Road Routes -
Otkrivanje alternativnih Sumskih puteva

The study area was restricted to the area determined by
the forest district chief. This was to increase accessibility
during the execution of protection activities and to meet
the road requirement. This area consists of Black Pine (Pi-
nus nigra Arnold) stands. The results of the LR and RF
approaches show that the landslide susceptibility of the
study area was higher in the northeast and southwest axis
compared with other areas (Figure 7). LSMs produced
through each modeling approach were employed, and
ArcGIS Cost Path analysis showed that alternative routes
could be designed to pass through areas with very low lan-
dslide susceptibility.

DISCUSSION
RASPRAVA

Most forest road planning studies in Turkey were comple-
ted in 1979 (Erdas 1997). Planning studies have gained pace
since the introduction of Geographic Information Systems
(GIS) software for civilian use, and its use by institutions is
widespread. Furthermore, a clear decision-making tool has
emerged for plan and decision makers. GIS software has
become a decision-support platform for numerous
branches of study, for example, landslide susceptibility
mapping. Mapping areas susceptible to landslides by expre-
ssing them through reliable modeling approaches is effec-
tive. There are factors that affect model success in LSM mo-
deling studies: the size of the study area, the sensitivity of
the landslide data employed, the resolution of the DEM
data, and the methodology of the preferred modeling
approach. In this study, the model success level is good to
very good. Although model success varies in the national
and international literature, the overall model success ran-
ges from 65% to 98.5% AUC for LSM studies (Kavzoglu et
al. 2019). Studies with similar characteristics can be com-
pared with this study: Kavzoglu et al. (2015) used nine fac-
tors to determine the AUC value as 98.5%; Zhou et al.
(2021) used ten factors to determine the AUC value as
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78.2%, and Pradhan et al. (2010) used nine factors to de-
termine the AUC value as 97%.

In this study, alternative routes for a forest area in need of
a forest road were determined through ArcGIS Cost Path
analysis, and the LSM was obtained through LR and RF
methods (Figures 7). Other studies also use ArcGIS Cost
Path analysis for alternative route detection (Sar1 and Sen,
2017; Liampas et al. 2019). The difference between this and
other studies is that it was conducted with the intention of
determining route options that meet the need for roads in
forest areas. Forest road alternative routes have been a su-
bject of interest both nationally and internationally. Studies
carried out with a similar approach, but using different met-
hods and software, are as follows: Akay and Sessions (2005)
determined GIS-supported three-dimensional routes by
using TRACER software; Laschi et al. (2016) used the AHP
approach for alternative road planning, but did not consi-
der the landslide criterion used for this study; Bugday and
Akay (2019) evaluated the landslide criterion for forest
roads in landslide areas but did not determine any alterna-
tive routes, and Kadi et al. (2019) planned routes using MA-
TLAB software and the AHP approach.

CONCLUSION
ZAKLJUCAK

In order to continue with uninterrupted forestry works
throughout the year, it is important to make detailed road
plans from the start and evaluate the advantages and disad-
vantages of the areas in terms of sustainability. Modern
methods of determining alternative routes are vital in par-
ticularly sensitive areas. Plan and decision makers can make
better decisions using detailed data obtained as a result of
sensitive forestry studies. The length of the routes determi-
ned by this this study are calculated to be approximately
2730 m, using the LR method, and 2850 m, using the RF
method. More detailed and precise planning is needed in
order to keep environmental damage caused by forest road
construction to a minimum. Further studies that use mul-
ticriteria planning approaches and GIS software will be be-
neficial to forestry and forest management. It is clear that
diversifying multifactor analyses in future studies, and ma-
king the results available to practitioners, planners, and de-
cision makers, is important in terms of maximizing
ecosystem health and minimizing human impact.
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Forestry activities should be carried out within the purview of sustainable forestry while reaping the
benefits of forestry. Accordingly, the construction of forest roads through forests should be carefully
planned, especially in protection forests. Forest areas in Turkey are generally widespread in moun-
tainous and high sloping areas that are susceptible to landslides-landslide susceptibility is one of the
most important criteria for the selection of protected forests. As such, it is important to evaluate de-
tailed and applicable alternatives regarding special areas and private forests. The aim of this study is
to determine alternative routes for forest roads in protected forests through the use of geographic in-
formation systems (GIS), particularly in areas with high landslide susceptibility. To this end, a land-
slide susceptibility map (LSM) was created using logistic regression (LR) and random forest (RF)
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modeling methods, which are widely used in machine learning (ML). Two models with the highest
receiver operating characteristic (ROC) and area under curve (AUC) values were selected, and ten
factors (slope, elevation, lithology, distance to road, distance to fault, distance to river, curvature,
stream power index, topographic position index, and topographic wetness index) were used. The best
LSM modeling method was AUC. The AUC value was 90.6% with the RF approach and 80.3% with
the LR approach. The generated LSMs were used to determine alternative routes that were calculated
through cost path analysis. It is hoped that the susceptibility to landslides and selection of alternative
forest road routes determined through the approaches and techniques in this study will benefit forest
road planning as well as plan and decision makers.
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