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Abstract

After road construction in steep and mountainous areas, there is always a risk for trench 
failure. Estimation of this probability before forest road design and construction is urgent. 
Besides, to decrease failures costs and risks, it is necessary to classify their occurrence proba-
bilities and identify the factors affecting them. The present study compares three statistical 
models of logistic regression, frequency ratio, and maximum entropy. The robust one was 
applied to generate trench failures susceptibility map of forest roads of two watersheds in 
Northern Iran. Also, all failures repairing costs were estimated, and subsequently, all existing 
roads were surveyed in the study area, detecting 844 failures. Among the recorded failures, 
591 random cases (70%) were used in modeling, and others (30%) were used as validation 
data. The digital layers, including failure locations, were prepared. Three failure susceptibil-
ity maps were simulated using the outputs of the mentioned methods in the GIS environment. 
The resulted maps combined with repair cost prices were analyzed to statistically evaluate the 
repair cost unit per meter of forest road and per square meter of failure. The results showed 
that the logistic regression model had an Area Under Curve (AUC) of 74.6% in identifying 
failure-sensitive areas. The probabilistic frequency ratio and Entropy models showed 68.2 and 
65.5% accuracy, respectively. Based on the logistic regression model, the distance to faults 
and terrain slope factors had the highest effects on forest road trenches failures. According to 
the result, about 43.25% of the existing road network is located in »high« and »very high« 
risky areas. The estimated cost of regulating and profiling trenches and ditches along the exist-
ing roads was approximately 108,772 $/km.
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1. Introduction
Trenches Failures (TFs) are among the most sig-

nificant geological hazards worldwide that lead to 
substantial economic and human losses (Del Ventisette 
et al. 2012). Assessing areas susceptible to TFs is of 
great importance to reduce and manage failure-related 
disasters. Hence, the assessment of failure susceptibil-
ity modeling has become one of the leading global 
research topics over recent years (Bhandary et al. 
2013). Although the costs of failure damage are proven 
to be of economic significance, their systematic estima-
tion efforts are still rare. Evaluation of failure costs 
requires the consideration of complex causalities and 
high spatiotemporal variability.

Forest road investments are essential for the sus-
tainable management of forest resources. Access to 
timber extraction, fire prevention, recreation, and re-
search are among the substantial benefits that the for-
est roads provide. These various functions have led to 
a growing demand for constructing and further ex-
tending the forest roads; however, forest roads are of 
the most destructive aspects of forestry activities 
(Larsen and Parks 1997, Jaafari et al. 2014). Economic 
efficiency is generally the most significant criterion in 
forest transportation planning since forest roads are 
the most expensive structures in forest management 
(Liu and Sessions 1993, Dean 1997, Murray 1998).

Selecting unsuitable road locations in forested areas 
leads to destructive effects on the natural environment 
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and the occurrence of technical and economic prob-
lems; therefore, the evaluation of forest road condi-
tions regarding TF susceptibilities is of great impor-
tance (Görcelioğlu 2004). Due to the severe topograph-
ic conditions with stability problems that trigger TF 
hazards, Hyrcanian forest roads require costly road 
maintenance and reconstruction works. TFs can make 
roads unusable because the material displacement can 
block the roads, damage their components, and de-
stroy roadbeds. The impacts of failures on road net-
works depend on several factors, including the type 
of failure, the roads location, and the area geomor-
phology (Reichenbach et al. 2002). Thus, in areas with 
high TF susceptibility, determining the road align-
ments is the most challenging task. For this reason, TFs 
susceptibility map must be taken into account in forest 
road planning, particularly in mountainous regions 
where road construction causes impacts on slope sta-
bility and increases road maintenance costs. However, 
many engineers still use traditional methods to con-
sider the impact of failure on road planning (Hosseini 
et al. 2012)

Forest engineers are searching for proper meth-
ods to decrease costs, increase efficiency, and mini-
mize the destructive impacts of roads on forests due 
to the increasing public awareness of environmental 
problems (Radfar et al. 2011). Hence, failure-suscep-
tibility maps can be used as a basis to select appropri-
ate road locations, determine the required engineer-
ing road construction standards, and minimize 
construction and maintenance for these costs related 
to failures. Capital investments for failure repair and 
mitigation, in addition to operational expenditures 
for first response and maintenance works, are among 
the mentioned costs (Alimohammadlou et al. 2013).

Numerous researches have been conducted to in-
vestigate the causes of landslides. However, detailed 
investigations have not been made in the context of 
damage caused by TFs on forest roads. Heam et al. 
(2008) studied the effects of landslides on the road 
network of the Republic of Laos and concluded that 
road annual maintenance costs for the period of 
2004–2007 were $1000–$1500 per kilometer. Besides, 
they estimated $50,000 of annual reinstatement costs 
for the next five years (2009–2013) during a heavy wet 
season. Vranken et al. (2013) evaluated the landslide 
economic damages in the hilly regions of Belgium. 
They investigated the direct and indirect costs of 
landslide damage in residential areas, forests, pas-
tures, and roads during 2001–2011. They concluded 
that the average annual costs of landslide damage in 
the study area were $92,665. These included the costs 
of maintenance and the cost of existing damages, 

which were estimated at $81,645 and $11,200, respec-
tively. Klose et al. (2014) simulated the landslide costs 
of mountain roads in susceptible areas of Germany. 
They recorded more than 33 landslides that led to 
damage and maintenance costs related to cut slopes 
and embankments between 1980 and 2010. Their 
study revealed that the average annual cost per kilo-
meter of potentially endangered roads is approxi-
mately $52,000. Eker and Aydın (2016) assessed the 
landslides in forest roads in Galika and Karduz re-
gions of Turkey using the logistic regression method. 
They concluded that more than 95% of the total area 
was located in »very low« and »low« landslide sus-
ceptibility classes, while 3% was located in moderate 
landslide susceptibility classes. The rest of the area 
was located in »high« and »very high« landslide sus-
ceptibility classes. According to the analysis of 180.8 km 
of roads in the region, 1.3 km of roads were located 
within very high susceptibility, and 1.5 km of roads 
were in high susceptibility classes. Donnini et al. 
(2017) statistically analyzed the impacts of landslides 
on road networks in Italy. They examined the an-
nual reconstruction costs caused by a landslide for 
roads in Sicily (Main Roads) and Marche (Side and 
Mountain Roads). The analysis showed that the aver-
age cost of damage in Sicily and Marche were $1958 
and $16,287 per kilometer, respectively.

The present study aimed to compare the accuracy 
of frequency ratio (FR), maximum entropy (Maxent), 
and logistic regression (LR) models to estimate forest 
road TF susceptibility and generate more effective 
failure susceptibility maps in the study area. Eventu-
ally, by estimation of this susceptibility in the study 
area, an auxiliary basis will be provided for a proper 
design of road networks in the future, along with 
reducing the repair costs of existing forest roads. In 
this study, all digital layers and cost data were ob-
tained from multiple sources, including local author-
ities and national administration offices. The pro-
posed methodology allowed us to estimate the 
average trench repair cost per kilometer on the forest 
road and per unit area of TF. Other researchers and 
global administrations can use the estimated costs to 
compare and assess engineering operation costs, par-
ticularly in developing countries.

2. Methods

2.1 Study Area
The study was conducted in watersheds number 

24 and 25 (Malakrood and Shenrood) in Guilan prov-
ince, Northern Iran. They are located between 
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37°09’N and 36°55’N and 49°38’E and 49°58’E. Alti-
tude ranges from 100 to 2100 m above sea level and 
covers 38,616.71 ha in total (Fig. 1). The climate is 
moist to mid moist, with average annual tempera-
tures ranging from 5.5 to 23.7°C. The average annual 
precipitation is 1578 mm. The area receives snow as 
winter precipitation. There existed 99.753 km of ac-
tive roads, including forest roads and village roads 
in the study area.

2.2 Data Collection
In the first step, all road failures were detected in 

the study area by extensive field surveys. A total of 844 
failures were mapped in the study area at 1:25,000 
scale (Fig. 1). Of these, eighteen points with critical slip 
have been identified (mass movement). A failure-in-
ventory layer was then generated in vector format in 
Geographic Information System (GIS) environment 

Fig. 1 TF location map with hillshaded map of the study area
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and overlaid on input variables. Based on the field ob-
servations and previous studies, eight failure effective 
input variables were selected for the failure-suscepti-
bility mapping, including terrain slope, aspect, slope 
curvature, elevation, distance from the river, and dis-
tance from faults, lithology, and soil texture (Fig. 2). 
Some variables were mapped in a raster format by 
employing the study area digital elevation model 
(DEM). The distances of failures to rivers and faults 
were calculated using the »near« function in GIS. The 
river buffer map was generated in 100 m intervals, and 
the distance from the faults map was categorized in 
200 m intervals, as shown in Fig. 2g–h. The study area 
lithology map was clipped from a standard 1:100,000 
scale geological formations map (Fig. 2c and Table 1). 
The types of lithology formations under each failure 
were extracted using the geology database. All vari-
ables map and failures-inventory maps were convert-
ed and stored in a raster format with 10 m resolution. 
In this study, the terrain slope layer was categorized 
into six slope classes, including 0–10°, 10–20°, 20–30°, 
30–40°, 40–50°, and above 50°; likewise, the aspect map 
plays a significant role in slope stability assessment 
(Chauhan et al. 2010). The aspect was later divided 
into nine classes: flat, N, NE, E, SE, S, SW, W, and NW, 
to describe the classes variances. An aspect map dis-
played each direction distribution in the topography 
using different colors for each cell of the study area 
(Quan and Lee 2012). Profile curvature was reclassi-
fied into three classes, namely concave, flat, and con-
vex. The curvature values represent the morphology 
of the topography. The concave profiles retain the 
rainfall water for a more extended period; therefore, 
these profiles containing water are those that can mo-
tivate failure (Lee and Thalib 2005). The analysis of this 
study was carried out in five steps:
⇒ preparation of input data layers
⇒ �modeling of failure susceptibility using three 

models, namely FR, Maxent, and LR
⇒ �validation and comparison of the models and 

selection of the best model based on receiver 
operating characteristic (ROC) curves (70% or 
591 pixels of training data and 30% or 253 pixels 
of validation data)

⇒ �simulation of the TF risk in the entire study area 
in five risk classes of »very low«, »low«, »me-
dium«, »high«, and »very high«

⇒ �estimating the costs of repair and regulation of 
excavation angles and embankment trenches 
per kilometer regarding the area of TFs and in 
reference to the national standard price list of 
the forest road construction (NSPL).

Table 1 Types of geological formations in the study area

Code Lithology
Geological 

age

Q1
al Alluvium, flood-plain, and deltaic deposits Quaternary

K2
v Alternation of lapilli tuff and agglomerate 

with intercalation of calcareous sandstone
Cretaceous

Rjs
sh

Alternation of gray to greenish, fine-grained 
arkosic sandstone, gray to black shaly 

mudstone
Triassic

JK1 Gray, medium to thick-bedded limestone 
with lithic crystal tuff in base

Jurassic

Gb Diorite-gabbro, gabbro Post Jurassic

JKms
Detrital limestone and calcareous silty-

sandstone yellow to light gray and brown to 
gray sandstone

Jurassic-

Cretaceous

JKv Alternation of light gray dacite-andesite tuff, 
dark gray andesitic lava and agglomerate

Jurassic

K1
1

Dark-gray, medium to thick-bedded 
limestone

Cretaceous

Qm
1 Old deposits Quaternary

2.3 Data Integration and Analysis

2.3.1 Bivariate Frequency Ratio Analysis
The correlation between the failure occurrence dis-

tribution and failure causative factors is derived by the 
Frequency Ratio (FR) (Lee and Talib 2005, Ferentinou 
and Chalkias 2013, Shahabi et al. 2014). The ratio is 
characterized by the region where failure occurrences 
are found to the total study area and the ratio of failure 
probability occurrences to the non-occurrences for a 
given attribute. A mean value of 1 is produced, mean-
ing that the areas that exceed 1 have a higher correla-
tion to failure occurrences. The areas below this value 
have a lower correlation to failure occurrences (Pradhan 
and Lee 2009). The FR per causative factor class is de-
fined by Eq. (1) (He and Beighley 2008):

	 FR
N
A

N
A

=










ij

ij

r

r
/ 		  (1)

Where:
Nij	   �area of failures in the spatial extent 

associated with the jth class of the ith 
parameter

Aij	   �land area associated with the jth class of 
the ith parameter
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Fig. 2 Failure conditioning variables used in logistic regression, frequency ratio and entropy models distance to faults
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Nr and Ar	� total areas of failures and the total 
study area, respectively.

Therefore, it is clear that 
Nij

Aij
 indicates the failure of 

class density and Nr

Ar
 shows the failure causative pa-

rameter density.

2.3.2 Multivariate Logistic Regression Analysis
Multivariate Logistic Regression (LR) is the most 

common method for failure susceptibility study 
(Budimir et al. 2015). LR is expressed as Eq. (2):

	 log(y) = β0 +  β1χ1 + ... + βiχi + e	 (2)

Where:
y	 dependent variable
β0	 constant
β1	 ith regression coefficient
x1	 ith explanatory variable and  is the error.
Probability occurrence (p) of y is calculated by the lin-
ear Eq. (3):

	 p e

e
=
+

x ixi

x ixi

exp
exp

...

...

β β β

β β β

0 1 1

0 1 1

+ + + +

+ + + +1
	 (3)

The lithology causative factor was reclassified and 
treated as categorical data. The LR is used to predict 
the absence or presence of a characteristic or outcome-
based onset of predictor values. Subsequently, the 
coefficient of each failure causative factor was calcu-
lated. All factors (terrain slope, slope curvature, aspect, 
elevation, lithology, the density of geological boundar-
ies, proximity to faults, and proximity to the river) 
were treated as ordinal variables in the SPSS 22.0 soft-
ware (Adition 2018).

2.3.3 Maximum Entropy Model
In this study, another model used for the landslide 

susceptibility map (LSM) was the entropy model in-
dex. The entropy represents the amount of instability, 
disorder, imbalance, and uncertainty of a system 
(Yufeng and Fengxiang 2009) and the extent to which 
various factors influence the development of a failure 
(Pourghasemi et al. 2012). Several essential factors pro-
vide additional entropy to the index system. There-
fore, the entropy value can be used to calculate the 
objective weights of the index system. The information 
coefficient Wj representing the weight value for the 
parameter as a whole can be calculated by Eqs. (4–8) 
(Bednarik et al. 2010, 2012, Constantin et al. 2011).

	 P b
aij = 		  (4)

	 ( )P
P

P
ij =

∑
ij

ijJ=1

SJ 		  (5)

	 H P P j nj = =∑ ( )log( ), ,...,ijJ=1

SJ
ij 1 	 (6)

Where:
Hjmax = log2Sj and Sj is the number of classes.

	 I
H H
H

I j nj = = =jmax j

jmax

-
, ( , ), ,...,0 1 1 	 (7)

	 Wj=IjPij		  (8)

Where:
a and b	� indicate the domain and failure percent-

ages, respectively
Pij	 probability density
Hj and Hjmax	 indicate the entropy values
Ij	 information coefficient
Wj	� represents the resultant weight value for 

the factor as a whole.
The final failure susceptibility map is prepared by Eq. 
(9):

	 Y z
m

C WIOE
i

i

n
j= × ×

=∑ 1
	 (9)

Where:
YIOE	 sum of all the classes
i	 number of particular parametric map
z	� number of classes within the parametric map 

with the most significant number of classes
mi	� number of classes within a particular para-

metric map
C	 value of the class after secondary classification
Wi	� weight of a parameter (Bednarik et al. 2010, 

Devkota et al. 2013). The result of this summa-
tion indicates the various levels of failure sus-
ceptibility (Constantin et al. 2011).

2.3.4 Calculating the Average Cost of Road Repair
The information, including the road grade, the 

height and slope degree of trenches, and the area of TFs 
in trenches, are recorded. Subsequently, the repair aver
age cost was calculated per kilometer by considering 
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the NSPL in 2019. The cost of maintaining forest roads 
based on forestry plans includes four items:
⇒ repairing and improving road pavements
⇒ structures cleaning
⇒ regulation and profiling of trenches
⇒ cleaning and regulating ditches.
In the present study, the cost of two items, includ-

ing c and d, was calculated per kilometer as the road 
repair average cost.

3. Results

3.1 Relationship Between Conditioning Factors and 
TF Locations

The spatial relationship between each failure con-
ditioning factor and failure locations was evaluated 
using the three models of FR, Maxent, and LR shown 

in Table 2. As shown in Table 2, some factor classes 
gained high values for all three models. These factors 
include the distance from faults (classes of 0–200 m 
and 200–400 m), slope gradient (20–30°), elevation 
(500–800 m), lithology formation (Diorite-gabbro, gab-
bro volcanic rocks), and soil (forest brown soil with 
acidic pH along with ranker soil in steep lands). The 
overall analysis of conditioning factors revealed that 
the two factors of distance from faults and slope gradi-
ent were more influential than other factors (Table 2). 
The result of the spatial relationship between condi-
tioning factors and TF locations revealed that the class 
of 0–200 m distance to faults had the highest values of 
3.49, 0.281, and –0.256 in FR, Maxent, and LR models, 
respectively. Additionally, the relationship between 
terrain slope and failure probability showed that the 
class of 20–30° had the highest FR, Maxent, and LR 
values (1.22, 0.212, and 0.189, respectively). In contrast, 

Table 2 Frequency ratio, entropy ratio, and logistic regression coefficient values for causative factors

Factor Class

Frequency Entropy
Logistic 

regression

Percentage of 
domain pixels

Percentage of 
failure pixels

Frequency ratio Eij Entropy ratio
Logistic 

coefficient

Terrain slope

0–10 26.31 16.92 0.64 0.112

0.139 0.189

10–20 26.64 30.29 1.14 0.198

20–30 26.28 32.15 1.22 0.212

30–40 14.74 16.07 1.09 0.189

40–50 4.96 3.55 0.72 0.124

>50 1.08 1.02 0.94 0.164

Aspect

Flat 6.11 1.35 0.22 0.032

0.042 0.068

North 15.94 14.55 0.91 0.132

North East 15.32 11.84 0.77 0.112

East 10.40 9.14 0.88 0.127

South East 7.84 8.29 1.06 0.153

South 6.44 5.08 0.79 0.114

South West 11.86 10.83 0.91 0.132

West 14.88 19.97 1.34 0.195

North West 14.31 18.95 1.09 0.159

Elevation, m.a.s.l

0–200 34.29 31.47 0.92 0.179

0.118 –0.121

200–500 25.87 30.46 1.18 0.230

500–800 15.66 26.23 1.67 0.327

800–1100 11.24 6.43 0.57 0.112

1100–1400 7.02 5.41 0.77 0.151

>1400 5.92 0 0 0
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Factor Class

Frequency Entropy
Logistic 

regression

Percentage of 
domain pixels

Percentage of 
failure pixels

Frequency ratio Eij Entropy ratio
Logistic 

coefficient

Lithology

Q1
al 16.61 1.69 0.10 0.004

0.279 0.005

K2
v 11.56 9.31 0.80 0.03

Rjs
sh 28.64 38.41 1.34 0.05

JK1 15.65 25.38 1.62 0.061

gb 0.19 3.55 18.66 0.704

JKms 17.72 10.15 0.57 0.022

JKv 3.52 8.29 2.35 0.088

K1
1 3.09 3.21 1.04 0.039

Qm
1 3 0 0 0

Distance to faults, m

0–200 5.33 18.61 3.49 0.281

0.135 –0.256

200–400 3.58 9.81 2.74 0.220

400–700 5.45 10.15 1.86 0.150

700–1000 5.60 10.83 1.93 0.155

1000–1500 9.65 18.61 1.93 0.155

>1500 70.38 31.98 0.45 0.036

Distance to rivers, m

0–100 5.32 7.45 1.40 0.208

0.0246 0.144

100–200 4.98 3.72 0.75 0.111

200–300 4.91 3.72 0.76 0.112

300–400 4.8 7.11 1.48 0.220

400–500 4.63 6.43 1.39 0.206

>500 7.35 71.57 0.95 0.141

Curvature

Concave 35.39 38.07 1.08 0.364

0.004 0.049Flat 25.39 21.49 0.85 0.286

Convex 39.22 40.44 1.03 0.349

Soil type

1.51 14.71 4.57 0.31 0.037

0.174 0.133

1.5.2 14.65 10.15 0.69 0.083

1.5.3 16.35 19.97 1.22 0.15

2.5.1 5.37 5.92 1.10 0.13

2.5.2 10.02 18.78 1.87 0.22

2.5.3 23.8 17.43 0.73 0.087

2.5.4 9.55 23.18 2.43 0.29

5.5.2 4.84 0 0 0

1.5.4 0.72 0 0 0

the class of 40–50° indicated the lowest values (0.72, 
0.124, and 0.050 respectively) for FR, Maxent, and LR 
models.

3.2 Simulation
Applying TF susceptibility maps is commonly a 

fundamental stage in managing failure risks (Chen et 
al. 2018) and improving road network design. The 
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spatial distribution of different TF susceptibility class-
es is illustrated in Table 3. TF probability map in stud-
ied watersheds was prepared using 70% of recorded 
TFs by frequency, entropy, and logistic regression 
methods in GIS software. It is classified as very low, 
low, medium, high, and very high based on natural 
failures (Fig. 3). Table 3 shows that the percentages of 
susceptibility to movement in »high« and »very high« 
classes were 51.38, 47.77, and 31.49% in logistic re-
gression, frequency ratio, and maximum entropy 
models, respectively.

As can be seen in Fig. 3, slip sensitivity by using the 
logistic regression model is more accurate than by us-
ing the other two models.

3.3 Validation and Comparison of Models
Most scientists believe that the performance of all 

modeling methods needs to be evaluated. However, 
there is no explicit agreement concerning which meth-
ods are the best or must be used given regional vari-
ability. It is more challenging when the linguistic mod-
els or frequency-based methods are applied, or when 
famous validation statistics such as determination coef-
ficient or root mean square error could not be calcu-
lated. As stated earlier, in the present study, the area 
under curve (AUC) was used to evaluate the models 
results (Fig. 4). The AUC value was calculated using the 
true positive percentage and the false positive percent-
age values for each class that constitutes the curve. 
Results confirmed that all three models had decent 

Fig. 3 Failure susceptibility maps simulated using entropy ratio models
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capacity of susceptibility prediction. Therefore, the 
AUC values of 68.2%, 65.5%, and 74.6%, respectively, 
for FR, Maxent, and LR models, showed reasonable 
generalization power. However, the LR model showed 
the best performance (74.6%) in mapping TF suscepti-
bility in the study area, whereas the Maxent model had 
the smallest AUC value (65.5%). The LR proved to be 
the best model, capable of combining expert knowledge 
with field datasets in susceptibility modeling.

Overlapping the existing forest road network map 
on the LR simulated TF susceptibility map indicated 
that 43.25% of the total length and about 4.3 km2 of the 
total surface were the roads located on »high« and 
»very high risk« areas (Table 4 and Fig. 5).

Table 3 Comparison of percentages of failure susceptibility levels 
in three investigated models

LR FR Maxent Failure classes

4.6 5.84 7.16 Very low

32.28 16.27 33.35 Low

11.74 30.82 28 Moderate

34.85 33.15 20.01 High

16.53 13.92 11.48 Very high

3.4 Estimating Repair Costs of Forest Road 
Trenches based on NSPL

The NSPL was used to calculate and estimate the 
cost of repairing forest roads related to (1) regulating 
and profiling the level of ditches along the road in 

Fig. 4 Accuracy assessment and success rate curve of the applied 
TF susceptibility models

Fig. 5 Available network of forest roads in zoning of landslide risk 
of the logistic regression model

Table 4 Transit rate of forest roads from failure areas in the logistic 
regression model

Failure risk Area, km2 Length, %

Very low 1.0909 10.93

Low 2.3709 23.75

Moderate 2.2013 22.05

High 3.0097 30.16

Very high 1.3066 13.09



Potential Evaluation of Forest Road Trench Failure in a Mountainous Forest, Northern Iran (169–184)	 A.M. Jalali et al.

Croat. j. for. eng. 43(2022)1	 179

trenches and (2) regulating the floors and dug ditches 
(sidewalks) after falling soils in forest road trenches. 
According to the ​​ destructed area of the forest road 
trenches and ​​ shoulders in 844 recorded points, which 
were calculated in the field survey, the repair costs of 
the above two repairing operations were estimated at 
about 0.039 and 0.058 dollars, respectively (Table 5). It 
was also estimated that the cost of regulating and pro-
filing slopes and side ditches is 10,872 dollars per ki-
lometer.

According to the field survey of 844 failures on for-
est roads in the study area, 18 points had critical move-
ments (mass drift) with a total area of ​​ more than 1000 m2 
that have blocked the roads (Fig. 4). Table 6 shows the 
total volume and estimated cost of construction of ga-
bion walls in 18 points with mass movement based on 
the NSPL in 2019.

Table 5 Cost of repairing operations in trenches and side ditches based on the NSPL in 2019

Row Description Unit
Unit price

Dollars
Amount

Total price

Dollars

240301
Cyclic assessment of the stability of trenches and gables, drainage systems 

and assessment of causes of trench slippage and road failure, and 
completion of checklists related to equipping and dispatching safety expert, 

People-hours 4.19 240 hours 1006.73

030501 Adjusting and profiling the gable surface and side roads in the trenches Square meters 0.039 26,117,860 1,010,044.67

020501 Leveling and regulating the floor of excavated foundations and canals Square meters 0.058 36,700 2133.8

031401 Correction and sloping of gables Square meters 0.045 36,984 1646.28

031205 Repairing and leveling detours with a grader or other mechanical equipment Kilometer 40.26 058/13 525.66

020401
Loading materials from any type of earthworks and transporting with any 

type of manual device up to 20 meters
Cubic meters 1.075 5/64350 69,191.02

Total 1,084,548.16

Table 6 Estimation of gabion wall construction cost in 18 points with mass movement based on the NSPL in 2019

Row Description Unit
Unit price

Dollars
Amount

Total price

Dollars

060501
Technical hydraulic founding by mechanical devices in soft lands up to a 

depth of 2 meters and carrying excavated soil up to a distance of 20 meters 
from the center of gravity

Square meters 0.44 908 397.75

061301
Loading of materials from soil operations or compacted soils and transport-
ing them by truck or any other mechanical device up to a distance of 100 

meters from the center of gravity and unloading it
Square meters 0.17 908 157.49

070202
Preparation, construction, and installation of gabion with galvanized wire 

mesh (13 kg per cubic meter) and carcass stone
Square meters 14.02 2432 34,091.04

061306
Transportation of materials from earthworks or compacted soils, including 
soil and rocks, on unpaved roads If the transport distance is more than 75 

km, for every 1 km exceeding 75 km

Square

meters-kilometers
0.037 85,363 3203

Total 37,849.28

4. Discussion
Landslides are one of the most hazardous natural 

disasters, and the government attempts to measure the 
extent of damage and show its spatial distribution ev-
ery year. Identifying the areas susceptible to landslide 
and zoning them as significant hazards in mountain-
ous areas and forest roads is one of the main steps in 
planning, designing, and preventing the collapse of 
forest road trenches. Spatial modeling is a useful tool 
for a better comprehension of the causes of landslides 
in forest areas. The present study primarily investi-
gated the influential factors of landslide risk and ex-
ecuted the landslide hazard zonation mapping for 
temperate forests in northern Iran to be utilized to 
construct and maintain forest roads, limiting the dam-
ages of disorganizations caused by road constructions in 
the forests. Subsequently, the costs of these damages 
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were estimated by identifying and calculating the ex-
tent of landslides along the trenches of forest roads in 
northern Iran using the applicable standards.

In the current study, ROC plot assessment results 
(Fig. 4) show that, in the TF susceptibility maps using 
the FR, Maxent, and LR models, the AUCs were 
0.682, 0.655, and 0.746, respectively. Therefore, the LR 
model exhibited the best performance in the current 
study, which is consistent with other studies (e.g., 
Can et al. 2005, Lee and Pradhan 2006, Greco et al. 
2007, Nefeslioglu et al. 2008, Ozdemir and Altural 
2013, Shahabi et al. 2014, Shirani and Arabameri 2015, 
Hong et al. 2016, Aditian et al. 2018). Better results of 
the logistic regression method can be due to its com-
putation of weight-based combinations of significant 
factors and exclusion of insignificant factors from the 
consideration, which provides more reliable results. 
Besides, this model nonparametric nature makes it 
able to analyze non symmetrically distributed instabil-
ity factors (Nandi and Shakoor 2009).

The logistic regression modeling indicates that in-
dependent variables, including distance from faults, 
slope degrees, and soil moisture, significantly influ-
enced the failure areas. Table 2 shows that distance 
from the fault with negative coefficient in the logistic 
regression model had a significant relationship with 
TF occurrence. Furthermore, it had a high impact on 
the occurrence of a failure in two other models. Ac-
cording to the results, when the distance from the fault 
decreased, the rate of slippage of forest road trenches 
increased. In the study area, most of TFs was observed 
on the first two distances from the fault categories 
(0–200 and 200–400 meters). Cracks reduce the impact 
of the earthquake and reduce the likelihood of TFs. 
Demir (2019), in a study in Turkey, concluded that the 
factors of distance from the road and fault played a 
key role in the occurrence of TFs in the study area. 
According to the results of the logistic regression mod-
el in this study, except for the factor of distance from 
the fault, the other most important factor affecting the 
failure was terrain slope with a positive coefficient and 
significant relationship with TF occurrence. Results i 
Table 2 showed that most failures happened at the slope 
of 20–30 degrees. According to the results, with increas-
ing slope to a certain extent, the field failure density in-
creased, but it decreased after that. Mohammady et al. 
(2012) stated that the resistive force, such as soil fric-
tion, is usually higher than the driving forces such as 
gravity in low slopes. The present study showed that 
conditions are prepared for TF occurrence when the 
slope reaches 20 degrees. In such a situation, gravity 
prevails over the resistance force, once effective rain-
fall and instability of forest road trenches, having a 
sufficient slope for TFs. Mohammady et al. 2012 also 

concluded that failures generally occur on slopes of 
15–30 degrees. Other researchers also introduced such 
slopes as failure-sensitive areas, Abasian et al. 2017 
(slope floor of 0–20 degrees), Lee et al. 2006 (slopes of 
36–20 degrees), Eker and Aydin 2014 (slopes of 15–30 
degrees). The number of failures was less in high 
slopes, which can be attributed to a higher rockshare 
in the subsoil and thinner soil layer on this slope. Once 
the slope increases, the shear stress is exceeded. The 
gentle slope gradients are typically expected to have 
lower weight values since they are associated with 
lower shear stresses (Pourghasemi et al. 2012). One of 
the main reasons is that road construction changes the 
terrain form. Terrain profile deformation compromis-
es the water flow continuity and reduces the slope 
drain ability and its stability. Another reason is the 
forest landscape changes or large-scale logging, which 
change the soil infiltration and ground evapotranspi-
ration rates, thus indirectly affecting the water con-
tents in soil and reducing slope stability (Vanacker et 
al. 2005). When the soils are saturated, the liquid water 
content of the sunny aspect subsoil is exceeded, while 
the shady aspect subsoil is not the same (Owen 1981). 
The soil with a high infiltration rate creates a fast flow 
of water into the soils down the profiles, where there 
is higher clay content; water flow is stagnated, causing 
failures (Kitutu et al. 2009).

The results of the abundance and entropy ratios 
models indicate the influence of Diorite-Gabbro class 
of geological factors on the occurrence of TFs. Remark-
able TFs occurred in this formation while covering a 
very small area in the research area. According to Ta-
ble 2, two soil classes of 2.5.4 and 2.5.2 were the most 
susceptible to TFs. The class 2.5.4 (forest brown soil 
with acidic pH along with ranker soil in steep lands) 
are characterized by alluvial rocks with limestone, and 
2.5.2 is composed of sandstone, siltstone, and charcoal 
shale in sloping lands. Restrictions are seen in some 
shallow parts of the soil and the presence of unstable 
parent rocks, given that most of these subunits act as 
a secondary factor in shallow areas due to faults (the 
leading cause of failures). Shariat Jafari (1997) stated 
that completely altered rocks, loamy soils, alluvium, 
and alluvial deposits are susceptible to failure.

Regarding the altitude factor from the sea level 
(Table 2), with increasing altitude, the amount of fail-
ures increased to a certain extent. This amount de-
clined due to increasing altitude, increasing rainfall 
and making sensitivity failures more common at high 
altitudes. At higher altitudes, this trend is usually in 
the form of snow, and the predominance of glaciers 
over much of the year decreases the failures. Demir et 
al. (2013) and Safari et al. (2015) also concluded that 
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most failures occurred in the middle altitudes be-
tween 850–1000 m.

A majority of TFs affecting the road forest network 
appears to be related to faults and localized slope fail-
ures in cut slopes. As shown in this study results, un-
like some other studies that consider the soil proper-
ties as the main factors in failure occurrence, the most 
critical factor affecting failures is the distance to faults. 
This is due to the proximity to existing active faults 
and the seismicity of the area. Overlaying the existing 
roads layer on the classified susceptibility map simu-
lated from the logistic regression model clarified that 
43.25% of the forest roads in the study area were lo-
cated on »very high« risky areas.

In the present research, the cost of repairing side 
trenches and sidewalks per kilometer (10,872$) was 
estimated three times higher than the forest replanta-
tion document (2655$), prepared by the experts. Klose 
et al. (2014), by modeling the cost of failures on moun-
tain roads in Germany, concluded that the annual 
costs of repairing excavation per kilometer in the road 
at risk of failures are above average (52,000$). Donnini 
et al. 2017 conducted a statistical analysis of the im-
pact of failures on a road network in Italy. They stat-
ed that there is no standard procedure for collecting 
failure damage, and related cost data does not exist 
in Italy and many other countries. They concluded 
that the average cost of repairing slippery areas and 
road trenches damaged by failures in the Marche re-
gion was 1,958,000$ and 43,523$ per kilometer. Heam 
et al. 2008 predicted an average cost of road repairing 
due to failures at an average annual cost of 50,000$ 
per kilometer for 2009–2013 in a rainy season. Vranken 
et al. 2013 estimated the annual cost of road damage 
to be $ 92,665, including two types of repair costs of 
81,645$ and 11,200$, respectively. Klose et al. 2015 in 
Germany found that failure restoration costs were 
complicated to obtain, and where available, their ac-
curacy and reliability were challenging to evaluate. 
Heam et al. 2008 used information on the national 
road network in the People’s Democratic Republic 
(PDR) of Laos and road maintenance costs for the pe-
riod 2004–2007 to estimate the annual average failure 
expenditure per kilometer in the range of 1000–1500$. 
Klose et al. (2015) estimated an average repairing cost 
of 52,000$ per kilometer for a highway at risk of fail-
ure in the Lower Saxon Uplands, NW Germany, in 
1980–2010.

5. Conclusions
Stopping the harvesting operations in the forests 

of northern Iran in recent years, consequently fol-

lowed by a sharp decline in revenues, has led to the 
lack of allocated funds for repairing forest roads. 
These budget constraints have made it challenging to 
carry out various forestry projects such as reforesta-
tion, protection, firefighting, harvesting, and other 
silvicultural operations. Regarding forest roads cru-
cial role in sustainable forest management and coun-
try development, stopping the operations of forest 
road repairs will cause a severe problem for this na-
tional capital shortly. The gabion walls will be a low-
cost operation that may affect the stability of the road 
trenches, pavement, drainage structures durability, 
and even flood control. More researches are needed 
in the future to test using gabion walls to stabilize the 
areas of forest road trenches that are susceptible to 
landslides.
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