
Vol.: (0123456789)
1 3

Environ Monit Assess (2023) 195:1525 
https://doi.org/10.1007/s10661-023-12100-0

RESEARCH

Determination of landslide susceptibility with Analytic 
Hierarchy Process (AHP) and the role of forest ecosystem 
services on landslide susceptibility

Hasan Aksoy 

Received: 11 August 2023 / Accepted: 6 November 2023 / Published online: 23 November 2023 
© The Author(s), under exclusive licence to Springer Nature Switzerland AG 2023

Abstract  The analysis of landslide susceptibility 
is a crucial tool in the mitigation and management 
of ecological and economic hazards. The number of 
studies examining how the form and durability of for-
est areas affect landslide susceptibility is very lim-
ited. This study was conducted in the Marmara region 
of northwestern Türkiye, where forested areas and 
industrial zones are intertwined and dense. The land-
slide susceptibility map was produced by Analytic 
Hierarchy Process (AHP) method. In the context of 
AHP, a total of 12 different variables were employed, 
namely lithology, slope, curvatures, precipitations, 
aspect, distance to fault lines, distance to streams, dis-
tance to roads, land use, soil, elevation, and Normal-
ized Difference Vegetation Index (NDVI). The per-
formance analysis of the landslide susceptibility map 
was conducted using the Receiver Operating Charac-
teristics (ROC) curve method. The AUC value was 
computed (0.809) for the landslide susceptibility map 
generated by using the AHP technique. Forest type 
maps were used to analyze the impact of forests on 
landslide susceptibility. In terms of forest structure, 4 
main criteria were determined: stand structure, devel-
opment stage, crown closure, and stand age. Each 
criterion was analyzed with Geographic Information 

Systems (GIS) by overlaying it with the landslide sus-
ceptibility map of the study area. The results showed 
that the risk of landslides was lowest in forests with 
more than one tree species, mature, development 
stage and of (e) > 52 cm, and crown closure of 41%—
70% (2).

Keywords  Landslide susceptibility · AHP · Stand 
structure · Stand development stage · Crown closure · 
Stand age

Introduction

Landslides are generally the downward and out-
ward movement of slope materials, which are trig-
gered by different factors such as earthquakes, melt-
ing snow, or heavy rain, and may also occur due to 
human activities (Guzzetti et  al., 2012; Quevedo 
et  al., 2022). Landslides are one of the most com-
mon geological hazards and can cause serious loss of 
life and property in disaster areas (Dai et  al., 2002, 
2023; Niu et  al., 2021). Earthquakes, landslides, 
floods, erosion, drought, rock falls and avalanches are 
among the main natural disasters in Türkiye (Dalkes 
& Korkmaz, 2023; Ergünay, 2007). In recent years, 
researchers have focused on investigating the impact 
of forests on landslides, emphasizing that forests have 
an important preventive effect on landslide formation 
(Zhang et al., 2022).
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Among terrestrial ecosystems, forest ecosystems 
have a very important role in terms of providing 
services such as carbon sequestration, carbon emis-
sion, water, natural disasters and regulation of energy 
cycles (Herold et  al., 2019; Puliti et  al., 2021). For-
ests have the role of providing stability of slopes with 
water retention (Ghestem et  al., 2011; Grima et  al., 
2020) and preventing geological disasters such as 
erosion and landslides (Schmaltz et al., 2017; Kim & 
Park, 2021). Some studies have found that forests play 
a major role in reducing landslide susceptibility, soil 
moisture, and technical costs for landslide prevention 
(Dorren & Schwarz, 2016; Grima et al., 2020; Huang 
et  al., 2021; Hwang et  al., 2008; Li et  al., 2022; 
Peduzzi, 2010). The fact that forest trees have dif-
ferences such as root systems (Davoudi et  al., 2004; 
Jamal & Mandal, 2016) has different effects on the 
landslide susceptibility of different forest forms (Dias 
et al., 2017; Moos et al., 2016). Especially natural for-
ests have higher infiltration ability and soil retention 
effects compared to industrial plantations (Tosi, 2007; 
Zhang et al., 2022). Distinct tree species exhibit vary-
ing impacts on the occurrence of landslides. In shal-
low-rooted coniferous forest, which consists of a sin-
gle species, slope stability is high at young ages, but 
decreases as it reaches maturity and causes different 
effects on landslides (Facelli & Temby, 2002). Identi-
fication of areas susceptible to landslides is important 
for taking measures to minimise economic losses, 
danger to life (Chen et al., 2014; Demir, 2019; Akinci 
& Yavuz Ozalp, 2021) and other adverse effects of 
landslides (Demir, 2019; Solaimani et al., 2013). Fur-
thermore, landslide susceptibility mapping (LSM) 
assists planners, local authorities, and decision-mak-
ers in disaster planning (Erener et  al., 2016; Akinci 
& Yavuz Ozalp, 2021). In conclusion, obtaining reli-
able landslide susceptibility maps using accurate data 
and novel techniques is of paramount importance for 
purposes such as the implementation of landslide 
mitigation measures (Corominas et  al., 2014; Tien 
Bui et al., 2018). Various techniques are employed to 
create landslide susceptibility maps. Many research-
ers have determined landslide susceptibility using 
probabilistic models (Lee & Min, 2001; Cevik & 
Topal, 2003; Talaei et  al., 2004; Lee & Dan, 2005; 
Clerici et  al., 2006; Akgun & Türk, 2010; Talaei, 
2014; Aghlmand et al., 2020; Akinci & Yavuz Ozalp, 
2021). In addition, various machine learning algo-
rithms methods were also employed to map landslide 

susceptibility, such as neuro-fuzzy (Bui et  al., 2012; 
Pradhan et al., 2010; Tien Bui et al., 2018), artificial 
neural network (ANN) (Dou et  al., 2015; Polykretis 
et al., 2015; Tien Bui et al., 2016a, b), random forest 
(RF) (Chen et al., 2018a, b; Trigila et al., 2015), deci-
sion trees (DT)(Al-Shabeeb et al., 2022; Hong et al., 
2015; Tien Bui et al., 2018), support vector machines 
(SVM)(Al-Shabeeb et  al., 2022; Chen et  al., 2018a, 
b; Hong et  al., 2016; Tien Bui et  al., 2016a, b) and 
naive Bayes (Mabdeh et  al., 2022; Tien Bui et  al., 
2012, 2018). Recently, Geographic Information Sys-
tems (GIS) have also been used by researchers in 
landslide susceptibility analysis. GIS can analyze all 
factors that cause landslide formation systematically 
and with high precision. GIS has recently been inte-
grated with the Analytic Hierarchy Process (AHP) 
method in landslide susceptibility analysis (Saaty & 
Brandy, 2009; Zahedi, 1986). The AHP method, one 
of the multi-criteria evaluation methods, is based on 
the principle of sensitivity analysis by determining 
the degree of importance of the parameters that affect 
landslide formation relative to each other (Berber & 
Ceryan, 2023).

In this study, a landslide susceptibility map was 
created with the AHP method and the effect of the 
form and resilience of forest areas on landslide sus-
ceptibility was analyzed. A total of 12 criteria includ-
ing lithology, slope, curvatures, precipitations, aspect, 
faultlines distance, stream distance, road distance, 
land use, soil, elevation, and NDVI were used to cre-
ate the landslide susceptibility map. Stand structure, 
development stage, crown closure, and stand age were 
used as input to analyze the effects of forest areas on 
landslide susceptibility. Thus, it was tried to identify 
ways to ensure that the decisions to be taken and poli-
cies to be determined for the planning and manage-
ment of forest ecosystems are also realized by land-
slide risk assessment and management.

Material and method

Material

Study area

The study was conducted within the administrative 
boundaries of the İnegöl Forest Management Direc-
torate in İnegöl district of Bursa province, located in 
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the Marmara region of Türkiye. The study bound-
ary is located between 290 0.40’ – 290 0.20’ north 
latitude and 390 0.50’ – 400.10’ east longitude. Of the 
111,847.7 ha study area, 38% (42,502.126 ha) is for-
ested area and 62% (69,345.574 ha) is non-forest area. 
Of the forest area, 71% (30,176,509  ha) is produc-
tive forest and 29% (12,325,616 ha) is degraded for-
est. The study area has a mild Marmara climate. The 
summer months are more similar to the Mediterranean 
climate, hot and less rainy. The winter months are cold 
and rainy. The average annual temperature is 12.4 °C. 
The average summer temperature is 21.9  °C and the 
average winter temperature is 2.3  °C (GDF, 2017). 
The location of the study area is shown in Fig. 1.

Dataset

The research was conducted in two primary phases. 
The initial step entails generating a map that depicts 
the susceptibility of landslides occurring within the 
designated study area. Subsequently, the subsequent 

step is to assess the influence of forests on the sus-
ceptibility to landslides. In the study, 12 variables 
were used to create the landslide susceptibility map. 
These are lithology, slope, curvature, rainfall, aspect, 
distance to fault lines, distance to streams, distance 
to roads, land use, soil, elevation, and NDVI. At this 
stage, the digital elevation model (DEM) was used 
to create the study area’s, slope, curvatures, aspect, 
and elevation maps. The DEM was derived from 
ALOS-PALSAR satellite imagery acquired from 
EarthDATA. In addition, the NDVI map was gener-
ated using Landsat 8 OLI satellite imagery dated 
27.08. 2022. Band 4 and band 5 were used to calcu-
late NDVI from the Landsat satellite image. For the 
precipitations variable, fixed meteorological station 
data, DEM, and ArcGIS software inverse distance 
weighted (IDW) tool were used. OpenStreetMap vec-
tor data was used to generate the stream distance and 
road distance maps. Lithology, faultlines distance, 
and soil data were obtained from the official website 
of the General Directorate of Mineral Research and 

Fig. 1   Location of the study area
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Exploration (GDMRE) (GDMRE, 2022). In addition, 
observational landslide inventories from GDMRE 
and observational and actual landslide inventory data 
from the Disaster and Emergency Management Presi-
dency (AFAD, 2020) were used to assess the accu-
racy of the landslide susceptibility map. Finally, the 
land use map was created using Corine data from the 
National Land Cover Classification System (TOB, 
2022) of the Ministry of Agriculture and Forestry. 
In the second stage of the analysis, a forest type map 
was used to investigate the impact of forests on land-
slide susceptibility. The forest type map is shown in 
Fig. 2 and the map series for the criteria used in land-
slide susceptibility analysis is shown in Fig. 3.

Method

In the study, the investigation of the impact of for-
ests on landslide susceptibility was carried out in two 
stages. In the first stage, the landslide susceptibility 

map of the study area was obtained using the Analytic 
Hierarchy Process (AHP) multi-criteria decision-
making method. In the second stage, the impact of 
forest types on landslide susceptibility was analyzed 
using the forest type map of the study area. The over-
all workflow diagram of the study is shown in Fig. 4.

Analytical Hierarchy Process (AHP) and landslide 
susceptibility analysis

The AHP method, one of the multi-criteria decision-
making methods, was used to create the landslide sus-
ceptibility map of the study area. A total of 12 criteria 
including lithology, slope, curvatures, precipitations, 
aspect, faultlines distance, stream distance, road dis-
tance, land use, soil, elevation, and NDVI were used 
to create the landslide susceptibility map. AHP is a 
mathematical method that takes into account the 
importance levels of individuals and classes, evalu-
ates quantitative and qualitative inputs together, and 

Fig. 2   Forest types map of the study area
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Fig. 3   Landslide suscepti-
bility analysis criteria maps
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Fig. 4   Workflow diagram for the study
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is based on the principle that the decision maker 
evaluates all alternatives together with all criteria and 
makes pairwise comparisons according to the relative 
importance of each other (Deniz & Çıtıroğlu, 2022; 
Gülenç & Bilgin, 2010). The AHP process consists 
of 4 main stages. In the first stage, the AHP evalua-
tion scale is determined. The scale shown in Table 1 
was used in this study (Saaty, 2012; Sivrikaya et al., 
2022).

A pairwise comparison matrix for each crite-
rion was created in the second stage using the AHP 
evaluation scale (Table 1). At this stage, determine 
which of the classes belonging to the criteria were 
the most important and the degree of importance of 
the class of interest compared to the other classes 
(Table  2). The effects of criteria on landslide sus-
ceptibility have been extensively discussed in many 
studies in the literature, and the importance lev-
els of the criteria were determined based on these 
studies as references (Dai et al., 2001; Lee & Min, 
2001; Çevik & Topal, 2003; Bragagnolo et  al., 
2020; Akinci & Yavuz Ozalp, 2021; Mabdeh et al., 
2022; Al-Shabeeb et al., 2022). The lithologic map 
from GDMRE was digitized by clipping according 
to the study area. Four classes were identified on 
the digitized lithologies map; alluvium, crumbs, 
schist, and granidiorite. The crumbs class was 
selected as the most effective class on landslide 
susceptibility. Using the digital elevation model 
(DEM) obtained from the ALOS-PALSAR satellite 
image for the study area, a slope map of the study 
area was created in ArcGIS 10.7 software. Changes 
in slope gradients affect slope stability and land-
slide susceptibility (Al-Shabeeb et  al., 2022). For 
the slope criterion, 6 classes were determined in 
degrees (0–5, 5–10, 10–15, 15–20, 2,0–25, and 
25–68). The class with the highest degree of slope 
was scaled to be the riskiest class. For curvatures, 3 

classes were determined as concave, flote slope, and 
convex. In this criterion, flat areas were scaled to 
be the least landslide-prone areas. The annual total 
precipitations map for the study area was produced 
using ArcGIS 10.7 software. Firstly, fixed meteoro-
logical station data for the study area were obtained 
from the official website of ClimateData (URL-1, 
2023). Then, by randomly assigning points to the 
study area, the heights of the points were deter-
mined on the DEM. Based on the fixed meteorolog-
ical station height and precipitation amount for the 
study area, the precipitation amounts of randomly 
assigned points were determined and the general 
precipitations map of the study area was created 
using the IDW command. Finally, the precipitations 
criterion was divided into five classes and made 
ready for analysis (500.86–600, 600–700, 700–800, 
800–900, 900–1,042.25 mm). Aspect and elevation 
maps were also generated using ArcGIS 10.7 soft-
ware, utilizing the DEM data. Aspect is the steep-
est downhill direction (Al-Shabeeb et  al., 2022; 
Kadavi et  al., 2018). For aspect, four classes were 
determined: North, South, East–West, and flat area. 
For elevation, five classes were defined (228–500, 
500–1000, 1000–1500, 1500–2000, 2000–2445 m). 
The faultlines distance map of the study area 
was also created by digitizing the faultlines map 
obtained from GDMRE by clipping it according 
to the study area. Then the faultlines distance map 
was divided into 6 classes 1000, 2000, 3000, 4000, 
5000, and 10,000 m Stream distance and road dis-
tance maps were also divided into 6 classes as in 
the faultlines distance criterion. The land use map 
is divided into 7 classes; bare rock, mine quarry, 
rangelands, grasslands, agriculture, vineyards, and 
settlement. The soil map of the study area was 
also created by digitizing the soil map obtained 
from GDMRE by clipping it according to the study 

Table 1   The pairwise comparison scale in the AHP

Importance scale Definitions of importance Explanation

1 Equal Two activities contribute equally to the goal
3 Moderate Experience and judgment are slightly preferable to another
5 Strong Experience and judgment are strongly preferable to another
7 Very Strong Experience and judgment are very strongly preferable to another
9 Extreme Experience and judgment are of the highest possible order of affirmation
2, 4, 6, 8 Intermediate When you need to make a compromise
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boundary. Afterward, five classes were determined 
on the digital map (bare rock, alluvial, colluvial, 
settlement, and forest soil). Finally, a normal-
ized difference vegetation index (NDVI) map was 
obtained using bands 4 and 5 of the Landsat 8 OLI 
satellite image. The bands were clipped accord-
ing to the study area. Then the NDVI of the study 
area was calculated using the NDVI formula with 
the raster calculator command (Eq.  1). NDVI val-
ues range between -1 and + 1. Negative values in 
NDVI indicate areas devoid of water, snow, rocks, 
soil cover, and vegetation. Positive values indicate 
areas with high plant density. The NDVI map of the 
study area was also divided into 5 classes and made 
suitable for AHP analysis. After the classification 
of the criteria, the pairwise comparison matrix of 
each criterion was created using the AHP evalua-
tion scale (Table 2).

** NIR: Near infrared band, Red: Red band
In the third stage, weight calculations were made 

for the criteria. In the last stage, the consistency 
ratio (CR) was calculated to measure the consist-
ency of the randomly generated importance matrix 
between the criteria (Eq.  3). The consistency ratio 
was obtained by dividing the consistency index 
value (CI) by the random index value (RI). The 
RI value is a constant coefficient depending on the 
number of criteria. The CI value was calculated 
using the sum of the mean consistency and the 
number of criteria (Eq. 2).

**λmax is the largest or principal eigenvalue of the 
matrix, n number of criteria, CI consistency index, 
CR consistency ratio

It is recommended that the consistency rate for 
AHP analysis should not exceed %10. If this ratio 
exceeds %10, it means that there is an inconsist-
ency in the evaluation scale between the criteria 
and should be re-evaluated (Saaty & Brandy, 2009). 
After the weight calculations for the criteria were 

(1)NDVI =
NIR − Red

NIR + Red

(2)CI =
λmax − n

n − 1

(3)CR =
CI

RI

obtained in the AHP process, landslide susceptibil-
ity maps were created for each criterion. Finally, 
using the weight values of each criterion, the 
landslide susceptibility map of the study area was 
obtained using the "weight sum" command in Arc-
GIS software. The landslide susceptibility map was 
produced using the "Weighted Sum" tool in Arc-
GIS software. The landslide susceptibility map of 
the study area was divided into 5 classes by general 
classification. These classes were grouped as "very 
low", "low", "medium", "high" and "very high" 
using the natural break method in ArcGIS.

Accuracy assessment of landslide susceptibility map

The accuracy and suitability of landslide susceptibil-
ity maps can be evaluated by different performance 
analyses. The extent to which the produced suscepti-
bility map can predict landslide areas is revealed by 
such analyses. In this study, Receiver Operating Char-
acteristics (ROC) curve was used to analyze the accu-
racy of the landslide susceptibility map produced by 
the AHP method. The ROC curve is a curve with true 
positive (sensitivity) values on the vertical axis and 
false positive rate values on the horizontal axis for 
specified threshold values. These values in the ROC 
curve determine the accuracy of the model by distin-
guishing between positive and negative observations 
(Beguería, 2006). The line connecting the points (0,0) 
and (1,1) on the ROC curve is considered the refer-
ence line and the value of the area under this line is 
0.5. The Area Under the Curve (AUC) value, defined 
as the area under the ROC curve, represents the result 
of the performance analysis. When the AUC is close 
to 1, it indicates an ideal model, and when it is close 
to 0.5, it indicates a model with very low accuracy 
(Fawcett, 2006; Sivrikaya & Küçük, 2022; Berber 
& Ceryan, 2023). The AUC value, or the quantita-
tive measure of the quality of a model, is generally 
classified into five categories: poor (0.5–0.6), fair 
(0.6–0.7), good (0.7–0.8), very good (0.8–0.9), and 
excellent (0.9–1) (Akıncı & Akıncı, 2023; Chen et al., 
2018a, b).

Impact of forests on landslide susceptibility

The forest type map of the study area was used 
to measure the effect of forests on landslide 
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susceptibility through the landslide susceptibil-
ity map of the study area. The forest type map was 
divided into four main groups: stand structure, stand 
development stage, crown closure, and stand age. 
Then stand structure the crown closure and stand age 
were divided into 3 separate classes, and the stand 
development stage into 5 separate classes for analy-
sis (Table  3). Finally, the 4 criteria and subclasses 
obtained from the forest type map were overlapped 
with the landslide susceptibility map in ArcGIS soft-
ware and descriptive statistical landslide susceptibil-
ity values of each class were obtained and interpreted.

Result

AHP and landslide susceptibility analysis

In the AHP process, class weights were determined 
for the criteria used in the analysis to produce a gen-
eral landslide susceptibility map of the study area. 
Then, the consistency ratio (CR) was calculated to 
measure the consistency of the randomly generated 
importance matrix between the criteria. The weight 
and CR results for the criteria are shown in Table 4 
and the weighted suitability maps of the criteria are 
shown in Fig.  5. The results show that the highest 
weight for the land use criterion was calculated for 
the bare rock class (0.34). The lowest was calculated 
for the settlement class (0.027). The highest weight 
for slope degrees was calculated for the 5—10 degree 
weight (0.372). In the faultlines, road, and stream 
distance criteria, the highest weight was calculated 
for the class at a distance of 1000 m (0.377). For the 
Soil criterion, the highest weight was calculated for 
the bare rock class (0.413), as for the land use class. 
The highest weight value for the precipitation crite-
rion was calculated in the 900—1042.25  mm class 
(0.413). Within the Elevation criterion, the class with 

the highest elevation of the study area (2000–2445 m) 
was calculated with the highest weight ratio (0.413). 
For the NDVI criterion, the class with the lowest 
plant density was calculated as the highest weight 
ratio (0.413). The highest weight ratio was calculated 
for the North class in the Aspect criterion (0.466), the 
concave class in the curvatures criterion (0.535), and 
the alluvium class in the lithologie criterion (0.266).

The study shows that the CR rate for all criteria 
is below %10 (Table 4). These results show that the 
evaluation scale between the classes of each criterion 
is done consistently.

After the weighted susceptibility map for the cri-
teria was created, the evaluation scale, weights, and 
consistency ratio (CR) of the 12 criteria used in the 
analysis were calculated to create the overall land-
slide susceptibility map of the study area (Table 5).

When Table  5 is examined, the criteria are listed 
in order of importance on landslide susceptibility. 
The most important and weighted criterion was deter-
mined as lithologie. Parameter weights according to 
the comparison matrix created by the AHP method; 
0.204 for lithologie, 0.162 for slope, 0.150 for curva-
tures, 0.125 for precipitations, 0.093 for aspect, 0.072 
for faultlines distance, 0.061 for stream distance, 
0.043 for road distance, 0.032 for land use, 0.025 for 
soil, 0.019 for elevation, and finally it was calculated 
as 0.013 for NDVI. According to these results, the 
most effective parameters in the occurrence of land-
slides in the study area were determined as lithologie, 
slope, curvatures, and precipitations. The consistency 
ratio (CR) in the landslide susceptibility comparison 
matrix of the study area is below 10%. This result 
shows that the evaluation scale of the criteria used for 
landslide susceptibility is consistent and usable. The 
landslide susceptibility map was produced using the 
"Weighted Sum" tool in ArcGIS software. The land-
slide susceptibility map of the study area was divided 
into 5 classes by general classification. These classes 

Table 3   Forest types map 
criteria and subclasses

Forest type map criteria

Classes Stand Structure Devolopment Stage Crown Closure Stand Age
Coniferous (a) 0—7.9 cm (1) %11—%40 Young
Broad-Leaved (b) 8—19.9 cm (2) %41—%70 Middle-age
Mixed (c) 20—35.9 cm (3) %71—%100 Mature

(d) 36—51.9 cm
(e) > 52 cm
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were grouped as "very low", "low", "medium", "high" 
and "very high" and are shown in Fig.  6. The areal 
and proportional values of the sensitivity classes are 
shown in Table 6.

When the landslide susceptibility results of the 
study area are examined, it is seen that there is an 
area with very low landslide susceptibility at the rate 
of 3.8% (4,254.30  ha). The lowest class in the area 
and proportion is very high (3.8%—1,082.90 ha). The 
highest in terms of area and proportion is the medium 
class (57.65%—64,475.37  ha). After medium, the 
class with the highest sensitivity is low (33.46%—
37,423.26  ha). Finally, the high class was ranked 

third in the area ranking of landslide susceptibility 
(4.12%—4,611.87  ha). When evaluated area-wise, 
it was determined that the study area is generally in 
low and medium landslide susceptibility. The general 
study area determined that the area is in a medium-
risk position in terms of landslides.

AHP accuracy assessment of landslide susceptibility 
map

In the study, existing landslide spatial data overlapped 
with the produced landslide susceptibility map, and 
an accuracy assessment was performed. ROC curve 

Table 4   Weights and consistency ratios of all criteria and classes according to the AHP model

Criteria Classes Weights CR Criteria Classes Weights CR

Land use (Corine) (1) Bare rock 0.34 0.06 Soil type (1) Bare rock 0.413 0.04
(2) Mine Quarry 0.232 (2) Alluvial 0.259
(3) Rangelands 0.165 (3) Colluvial 0.159
(4) Grasslands 0.132 (4) Settlement 0.11
(5) Agriculture 0.063 (5) Forest Soil 0.058
(6) Vineyards 0.041 Precipitations (mm) (5) 900—1042.25 0.413 0.04
(7) Settlement 0.027 (4) 800—900 0.259

Slope (Degree) (1) 0—5 0.372 0.05 (3) 700—800 0.159
(2) 5—10 0.243 (2) 600—700 0.11
(3) 10—15 0.162 (1) 500.86—600 0.058
(4) 15—20 0.123 Elevation (m) (5) 2000—2445 0.413 0.04
(5) 20—25 0.06 (4) 1500—2000 0.259
(6) 25—68 0.039 (3) 1000—1500 0.159

Faultlines distance (1) 1000 m 0.377 0.08 (2) 500—1000 0.11
(2) 2000 m 0.297 (1) 228—500 0.058
(3) 3000 m 0.165 NDVI (1) -0.17—0.15 0.413 0.04
(4) 4000 m 0.088 (2) 0.15—0.26 0.259
(5) 5000 m 0.047 (3) 0.26—0.36 0.159
(6) > 10,000 m 0.026 (4) 0.36—0.45 0.11

Road distance (1) 1000 m 0.377 0.08 (5) 0.45—0.63 0.058
(2) 2000 m 0.297 Aspect (Degree) (1) North 0.466 0.01
(3) 3000 m 0.165 (2) South 0.277
(4) 4000 m 0.088 (3) East–West 0.161
(5) 5000 m 0.047 (4) Flat Areas 0.096
(6) > 10,000 m 0.026 Curva-tures (1) Concave 0.535 0.009

Stream distance (1) 1000 m 0.377 0.08 (2) Flat Slope 0.297
(2) 2000 m 0.297 (3) Convex 0.164
(3) 3000 m 0.165 Lithologie (1) Alluvium 0.266 0.01
(4) 4000 m 0.088 (2) Crumbs 0.377
(5) 5000 m 0.047 (3) Schist 0.161
(6) > 10,000 m 0.026 (4) Granidiorite 0.196
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Fig. 5   Weighted sensitivity 
maps of criteria
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was used for accuracy assessment. After accuracy 
was performed using the ROC curve, AUC was plot-
ted. When the AUC is close to 1, it indicates an ideal 
model, and when it is close to 0.5, it indicates a model 
with very low accuracy (Table  7) (Fawcett, 2006). 
The ROC curve for the study is shown in Fig. 7. The 
results showed that the model used was very good 
(AUC = 0.809).

Landslide susceptibility map rationality

The rationality of the landslide susceptibility map was 
assessed by considering the principle that "landslides 
should be located in areas of as high susceptibility as 
possible and very high susceptibility areas on the sus-
ceptibility map should be as small as possible" (Guo 
et al., 2021; Yavuz Ozalp et al., 2023). The rational-
ity of the landslide susceptibility maps was assessed 
using the data in Table 8.

When Table 8 is analysed, as the landslide suscep-
tibility increases, the frequency ratios also show an 
increasing trend. This shows that the landslide sus-
ceptibility map is reasonable. The fact that the highest 
ratio in the produced landslide susceptibility map is 
in the average landslide susceptibility (67.48%) and 
the frequency ratio increases from low landslide risk 
areas to high risk areas shows that the produced land-
slide susceptibility map is reasonable, applicable and 
rational.

Impact results of forests on landslide susceptibility

In the study, the landslide susceptibility map pro-
duced with AHP overlapped with the forest type map 
of the study area, and the results were analyzed. The 
forest map was divided into 4 main groups: stand 
structure, stand development stage, crown closure, 
and stand age. Descriptive statistics and areal values 
of landslide susceptibility for forest criteria are shown 
in Table 8.

When Table  9 is examined, it is seen that the 
broad-leaved class has the highest area in the stand 
structure criterion (76.66%). Then the highest area 
values belong to mixed (16.27%) and coniferous 
(7.07%) classes, respectively. The mean landslide 
susceptibility values for the stand structure crite-
rion are 0.203, 0.217, and 0.220 for the coniferous, 
broad-leaved, and mixed classes, respectively. The 
maximum and minimum landslide susceptibility Ta
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values for the stand structure criterion are 0.363 
and 0.097, respectively. When the areal results for 
the stand development stage criterion in the study 
area are examined, it is seen that the highest area 
belongs to class "c" (38.05%). Then the highest 
area belongs to the "b" and "d" classes respectively 
(36.80%, 20.44%). The lowest area belongs to class 
"e" (1.21%). The mean landslide susceptibility val-
ues for the stand development stage criterion are 
0.197, 0.210, 0.214, 0.217, and 0.221 for e, d, a, c, 
and b respectively. The maximum and minimum 
landslide susceptibility values for the stand devel-
opment stage criterion are 0.363 and 0.097, respec-
tively. It was determined that most of the forested 
area in the study area belonged to the "3" class for 
the crown closure criterion (82.79%). Then, it was 
determined that the most area was in the "2" class 
(15.66%), and finally, the "1" class was found to be 
1.55%. The mean landslide susceptibility values for 

Fig. 6   Landslide susceptibility map of the study area

Table 6   Area values for landslide susceptibility levels

Value range Landslide sensi-
tivity level

Area (ha) %

0.097—0.150 Very Low 4,254.30 3.80
0.150—0.204 Low 37,423.26 33.46
0.204—0.278 Medium 64,475.37 57.65
0.278—0.321 High 4,611.87 4.12
0.321—0.364 Very High 1,082.90 0.97
Total 111,847.70 100.00

Table 7   AHP model performance criteria

AUC (Area Under the Curve) Model performance

0.9—1 Excellent
0.8—0.9 Very good
0.7—0.8 Good
0.6—0.7 Average
0.5—0.6 Poor
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Fig. 7   ROC curve of land-
slide susceptibility obtained 
using AHP

Table 8   Landslide 
susceptibility map model 
results

Susceptibility level Area percent-
age (%)

Landslide pixel Landslide per-
centage (%)

Frequency ratio

Very low 3.83 124 0.118 0.0026
Low 33.72 29,511 28.042 0.0709
Moderate 57.93 71,032 67.497 0.0994
High 4.32 4461 4.239 0.0837
Very high 0.20 109 0.104 0.0452

Table 9   Descriptive 
statistics of landslide 
susceptibility for forest 
criteria

Criteria Classes Area (ha) Area (%) Min Max Mean Std

Stand structure Coniferous 3155.7395 7.07 0.114 0.330 0.203 0.036
Broad-Leaved 34,195.631 76.66 0.097 0.363 0.217 0.037
Mixed 7257.4878 16.27 0.097 0.326 0.220 0.036

Stand development stage (a) 0—7.9 1562.3361 3.50 0.117 0.334 0.214 0.034
(b) 8—19.9 16,417.752 36.80 0.097 0.363 0.221 0.036
(c) 20—35.9 16,973.573 38.05 0.106 0.333 0.217 0.037
(d) 36—51.9 9117.1868 20.44 0.101 0.337 0.210 0.037
(e) > 52 cm 538.01054 1.21 0.133 0.257 0.197 0.026

Crown closure (1)%11—%40 689.33527 1.55 0.114 0.330 0.206 0.035
(2)%41—%70 6985.9431 15.66 0.109 0.337 0.212 0.038
(3)%71—%100 36,933.58 82.79 0.097 0.363 0.218 0.037

Stand age Young 21,696.517 48.64 0.097 0.363 0.217 0.037
Middle-age 9472.0592 21.23 0.110 0.346 0.223 0.037
Mature 13,440.282 30.13 0.101 0.337 0.213 0.037
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the crown closure criterion are 0.206, 0.212, and 
0.218 for classes 1, 2, and 3 respectively. The maxi-
mum and minimum landslide susceptibility values 
for the crown closure criterion are 0.363 and 0.097, 
respectively. Finally, the descriptive statistics of the 
stand age criterion landslide susceptibility showed 
that most areas were classified as young (48.64%). 
Then the largest area was calculated in the mature 
class (30.13%). The middle-age class, with an areal 
ratio of 21.23%, was found to be the class that occu-
pied the least area in the stand-age criterion. The 
mean landslide susceptibility values for the stand 
age criterion are 0.217, 0.223, and 0.213 for the 
young, middle-age, and mature classes, respectively. 
The maximum and minimum landslide susceptibil-
ity values for the stand age criterion are 0.363 and 
0.097, respectively. The landslide susceptibility map 
of the study border, forested area is shown in Fig. 8.

Discussion

The study was carried out in two main stages. In 
the first stage, a landslide susceptibility map of the 
study area was created using a total of twelve cri-
teria (lithology, slope, curvatures, precipitations, 
aspect, faultlines distance, stream distance, road 
distance, land use, soil, elevation, and NDVI). The 
AHP method was used to create the landslide sus-
ceptibility map. The accuracy of the AHP model 
was verified by ROC. In the second stage, the 
effects of forests on landslide susceptibility were 
analyzed. Very few studies have specifically and 
systematically analyzed the effects of forests on 
landslide susceptibility. In this study, the effects 
of stand structure, stand development stage, crown 
closure, and stand age on landslide susceptibility of 
forest areas were analyzed.

Fig. 8   Landslide susceptibility map of the forest area
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The landslide susceptibility analysis using AHP

The criteria weights in the matrix created with the 
AHP method are; lithology 0.204, slope 0.162, cur-
vatures 0.150, precipitation 0.125, aspect 0.093, 
distance to fault lines 0.072, stream distance 
0.061, road distance 0.043, land use 0.032, soil 
0.025, elevation 0.019 and NDVI 0.013 (Table 5). 
According to these results, the most effective cri-
teria for landslide susceptibility in the study area 
were determined as lithologie, slope, curvatures, 
precipitations, and aspect. There are many stud-
ies in which landslide susceptibility maps are cre-
ated with AHP. In the planned areas in Artvin city 
center, a landslide susceptibility map was obtained 
based on neighborhoods by using 5 different crite-
ria with AHP, and it was revealed how much area 
in each neighborhood is susceptible to landslide 
events (Akıncı et al., 2015). Landslide susceptibil-
ity maps were produced for Sinop by using com-
parison matrices according to the weight values of 
the criteria with AHP (Çellek et al., 2015). Dalkes 
and Korkmaz (2023) created landslide susceptibil-
ity maps in the Akçaabat and Düzköy districts of 
Trabzon province by using 13 different spatial cri-
teria with AHP and FR methods. When the criteria 
of the study were analyzed, the highest weight was 
created for the lithologie criterion. This is because 
different lithologic structures affect water transmis-
sion, shear stress, and susceptibility to sliding, and 
thus play an important role in landslide susceptibil-
ity. Similar to our study, Çellek (2013) emphasized 
that lithologie has a significant effect on landslide 
susceptibility as it is a criterion that controls cohe-
sion. Another important criterion for landslide 
susceptibility is the slope. In the study, the slope 
was identified as the second most important deter-
minant of landslide susceptibility (weight 0.162). 
As the slope increases, the balance of the escarp-
ment material is disturbed and landslides are trig-
gered. Gökçeoğlu and Ercanoğlu (2001) stated that 
slope is very effective on landslides. The third most 
important criterion is curvature. In Curvature, neg-
ative values indicate concave slopes and positive 
values indicate convex slopes. Concavity and con-
vexity affect the direction of the flow of rainwater. 
Therefore, concave slopes are more susceptible to 
landslides. The main reason for this is that surface 
waters are more abundant than on convex slopes 

(Çellek, 2013). In the study, curvature was used as 
the 3rd most important criterion in landslide sus-
ceptibility with a weight ratio of 0.150. Another 
important criterion in landslide susceptibility is 
precipitations. Precipitations affect the stratifica-
tion in the soil structure and thus soil strength, thus 
increasing landslide susceptibility. Therefore, the 
precipitations criterion was also considered the 4th 
most important criterion by weight (weight 0.125). 
Maturidi et  al., (2021) stated in a study that more 
accurate results can be obtained by evaluating the 
precipitation criterion in landslide susceptibility 
over extreme precipitation. The 5th most important 
determinant in the study was aspect criteria (weight 
0. 093). The aspect affects the response of slopes 
to atmospheric phenomena such as sunlight and 
precipitation. The landslide susceptibility of the 
slopes where there is more precipitation is higher 
and the heat energy from the sun causes water loss 
by transpiration and evaporation (evapotranspira-
tion). In addition, the soil moisture of north-facing 
slopes is maintained for a long time after rainfall, 
which increases landslide susceptibility (Dalkes & 
Korkmaz, 2023). When the other criteria used in 
the study are evaluated, road works and locations 
close to the road increase landslide susceptibility 
(Bayrak & Ulukavak, 2009). Another factor influ-
encing landslide susceptibility is vegetation cover 
(NDVI). Areas with no or sparse vegetation cover 
are more susceptible to landslides, while landslide 
susceptibility decreases in areas covered with veg-
etation as the effect of erosion decreases. Another 
criterion affecting landslide susceptibility is stream 
distance (0.061). The proximity to the valleys 
of rivers where surface water is collected causes 
ground movement and increases landslide sus-
ceptibility by saturating it with water. Due to the 
erosion of the lower parts of the river valleys, the 
slope balance deteriorates and it becomes suscepti-
ble to landslides (Dağ & Bulut, 2012). AHP model 
accuracy used in landslide susceptibility analy-
sis was verified by the ROC curve. After valida-
tion was performed using the ROC curve, the area 
under the curve (AUC) was plotted. When AUC 
takes values close to 1, it indicates an ideal model, 
and when it takes values close to 0.5, it indicates a 
model with very low accuracy (Fawcett, 2006). The 
results showed that the model used was very good 
(AUC = 0.809).
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Impact of forests on landslide susceptibility

Few studies have specifically investigated the impact 
of forests on landslide susceptibility. In this study, 
forest type maps and landslide susceptibility data 
were combined to analyze the effects of stand struc-
ture, stand development stage, crown closure, and 
stand age on landslide susceptibility. Different forest 
stands, stand development stages, crown closures, and 
stand ages were found to have different landslide sus-
ceptibility. The mean landslide susceptibility values 
of coniferous, broad-leaved, and mixed forest areas 
for the stand structure criterion are 0.203, 0.217, and 
0.220, respectively. The results showed that mixed 
forest form was the most resistant to landslides, 
while coniferous forests were the least resistant. This 
is directly related to the root system. Because espe-
cially coniferous tree structures form a shallower root 
system compared to leafy tree species. The conifer-
ous class is therefore less hardy than the broad-leaved 
class. Zhang et  al., (2022) reported that coniferous 
forests are prone to landslides and have weaker land-
slide protection compared to broad-leaved forests. 
This is explained by the fact that the average tensile 
strength of the roots of coniferous tree species is weak 
and the improvement effect on the shear strength of 
the soil is relatively weak (Tan et  al., 2019). Simi-
lar results were obtained with our study in terms of 
the effect of forest form on landslide susceptibility. 
In another study, it was stated that coniferous forests 
increase the risk of landslides due to the movement 
of thick soil layers with the effect of wind and pre-
cipitation due to their short root systems (Fusun et al., 
2013). In general, it is thought that the use of mixed 
forest form in areas with landslide risk will provide 
the highest contribution to landslide susceptibility.

Another of the forest parameters is the stand devel-
opment stage. Stand development stage was ana-
lyzed in 5 classes: (a) 0—7.9 cm, (b) 8—19.9 cm, (c) 
20—35.9 cm, (d) 36—51.9 cm, and (e) > 52 cm. The 
mean landslide susceptibility values of classes a, b, 
c, d, and e are 0.214, 0.221, 0.217, 0.210, and 0.197, 
respectively (Table  8). The results generally revealed 
that as the stand development stage increases, landslide 
susceptibility decreases. This situation is explained by 
the fact that the root system in the low stage is not fully 
developed and the protective effect against landslides 
is low. As the stand development stage increases, the 
subsoil root system develops together with the stem 

and wraps the soil more tightly. Thus, it creates a high 
protection effect on landslides. Some studies also sup-
port this conclusion. Low-stage forests have fewer 
root systems and fewer soil and water conservation 
functions. In this period, landslides are likely to occur 
under the influence of heavy rainfall and the ability to 
protect against landslides is weak (Zhang et al., 2022). 
As the stand development stage increases, the ability to 
protect against landslides increases. This is explained 
by the fact that with the transition from young forests 
to middle-aged forests, the stability of the forest land 
increases, the root system gradually begins to develop, 
soil attachment strengthens and landslides do not 
occur easily (Šilhán, 2001; Sati & Sundiyal, 2007). 
When the landslide susceptibility of forests according 
to the crown closure criterion is analyzed, the aver-
age landslide susceptibilities for (1) 11%—40%, (2) 
41%—70% and (3) 71%—100% are 0.206, 0.212 and 
0.218, respectively. This is because in forests with low 
crown coverage, root, and stem development takes 
priority over height growth, and the root system is 
more likely to envelop and hold the soil. Therefore, it 
provides a more protective effect against landslides. 
Finally, the stand age criterion was analyzed in three 
classes: young, middle-age, and mature. The mean 
landslide susceptibility values for young, middle-age, 
and mature are 0.217, 0.223, and 0.213 respectively. 
The results showed that the landslide protection abil-
ity of forests of different age groups tended to increase 
and then decrease. This is explained by the fact that 
young forests have lower comprehensive productivity 
and lower vegetation density. As forests mature, their 
ability to protect against landslides increases. Similar 
results were obtained in some studies. Zhang et  al., 
(2022) attribute this to the fact that as forests mature, 
the development of their roots, leaf density, the ability 
of the roots to rapidly absorb water from the soil, the 
development of the roots and their water infiltration 
capacity increase and thus contribute to the reduction 
of soil surface moisture. Thus, landslide resistance 
decreases and landslide risk decreases. This situation is 
similar to our results.

Conclusion

Landslides are one of the most dangerous and destruc-
tive natural disasters all over the world. Therefore, 
landslide detection is very important for politicians 
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and local people in a country. In addition, landslide 
susceptibility mapping helps land use planning and 
planners to make decisions for future development. 
A total of 12 criteria and the AHP method were used 
to determine landslide susceptibility. Then, the effect 
of forests on landslide susceptibility was analyzed in 
terms of stand structure, stand development stage, 
crown closure, and stand age. In general, it was deter-
mined that the mixed class was the most successful 
class in terms of landslide protection in the stand 
structure criterion. Older and thicker diameter stands 
were found to have a high impact on landslide suscep-
tibility. In forest management, optimizing stand struc-
ture according to landslide susceptibility distribution 
is important for the integrity of economic, social, and 
ecological benefits. In addition, in terms of safety of 
life and property, it is recommended that landslide-
sensitive areas in appropriate land use, selection and 
planning of tree forms that have a protective effect on 
landslide susceptibility, and not allowing construction 
in landslide-sensitive high areas are recommended as 
measures to be taken in landslide prevention. In fur-
ther studies, it is important to examine landslide sus-
ceptibility in terms of tree species to determine which 
tree species would be more beneficial to be used in 
areas with high landslide risk in new afforestation.
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