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Abstract

Conservation of natural resources is vital for sustainable management, especially in fragile semi-arid
ecosystems. Forest plantations can provide a wide range of ecosystem services and deliver a
measure of protection for soil and water resources. This study proposes a novel framework
(Optimum Land Suitability Score, OLSS) to prioritize the most suitable areas with high priority for
restoring degraded lands and protecting erosion-prone areas. We applied OLSS to the Latian
watershed located in Tehran, Iran. The Latian watershed was divided into 56 subbasins, where we
studied the importance of each sub-basin for afforestation. We used a multicriteria analysis using
the Fuzzy Analytical Network Process to bridge the gap between previous studies for determining
suitable areas for afforestation in which 21 factors of environmental variables, morphometric
characteristics, and topographical indices were considered. Finally, sub-basins were divided into four
classes based on the fuzzy theory. The evaluated result indicated that 9 sub-basins showed the
highest priority for afforestation. The identified sub-basins were mostly located in areas of depleted
plant coverage due to overgrazing and human interventions. We proposed afforestation with proper
species adapted to the environmental characteristics of prioritized sub-basins as ecological
management. The measure should decrease erosion and flood risk and sustain the Latian reservoir
storage capacity. OLSS offers valuable information for watershed managers and decision-makers to
invest in soil conservations.

Introduction

During past decades, considerable efforts have been made to quantify the effect of afforestation on
runoff management (Farley et al., 2005; Fukuyama et al., 2010), flood mitigation (Beschta et al.,
2000), soil erosion (Fukuyama et al., 2008), and water quality (indirectly through soil erosion)
(Fukuyama et al., 2010). Forest plantations either with productive or protective aims have the
potential of providing a wide range of ecosystem services, including carbon sequestration (Bonan,
2008; Brainard et al., 2009), biodiversity (Barlow et al., 2007), aesthetic values (Ribe, 1989),
transformation and transport of nutrients (Lee et al., 2014; Feng et al., 2015) and environmental
impact avoidance (Nin et al., 2016). It is also acknowledged that afforestation with proper species



and strategies may reduce erosion (Wang et al., 2007), reinforce the soil (Loades et al., 2010), and
mitigate the severity of flood events even under extreme climate change scenarios (Wilby and
Keenan, 2012; Dittrich et al., 2019).

Several attempts have been made to identify suitable areas for afforestation projects where land-
use changes can lead to fewer environmental issues and provide beneficial ecosystem services.
Dubovyk et al. (2016) applied a multicriteria evaluation and fuzzy logic method to map land
suitability for afforestation using groundwater and river-related parameters, slope, and irrigation
water use. Their findings indicate that groundwater table depth and irrigation water supply are
essential criteria to identify suitable areas in degraded irrigated land. Also, Vettorazzi and Valente
(2016) developed a conceptual framework to determine suitable areas based on suitability of land
use, soil erodibility, erosivity, proximity to roads, and distance from water bodies, using the ordered
weighted averaging (OWA). Results show that the critical factors to prioritize the suitable areas are
soil erodibility and distance from water bodies in the river basin. Similarly, empirical environmental
data, e.g., growing season, precipitation, climate moisture index, growing degree days, and land
inventory capability for agriculture and elevation, were integrated into a fuzzy logic model to identify
suitable areas for afforestation. Also, ecological criteria (Gkaraveli et al., 2004; Mashayekhan and
Salman Mahiny, 2011; Zare et al., 2014), the normalized difference vegetation index (NDVI)
(Mohamed Elhag, 2010), environmental, economic, and social factors (Jaimes et al., 2012) are also
employed to identify land suitability for establishing forests.

Most of the studies mentioned above have utilized high-quality and long-term data to determine
land suitability for afforestation. However, the proper selection of criteria and methods for
sustainable planning and management of natural resources is of vital importance for developing
countries such as Iran, which have data scarcity and limited financial resources (Alilou et al., 2018;
Choubin et al., 2018). Given these limitations, the main question was how to consider the
environmental factors for afforestation in data-scarce regions. Based on the literature, we found
that several studies have used geo-environmental factors such as morphometric characteristics,
topographical indices, and environmental factors for land-use planning, watershed health analysis,
watershed prioritization, detection of groundwater potential, and soil erosion risk in semi-arid,
tropical, and data-scarce regions (Aher et al., 2014; Alilou et al., 2019; Rahmati et al., 2019; Choubin
et al.,, 2019; Hembram et al., 2019). However, to our knowledge, there is no literature on the use of
morphometric characteristics combined with topographical and environmental factors to determine
optimum areas for forest plantation. Also, none of the studies of afforestation employed a fuzzy
analytical network process (FANP) to improve the identification of optimum afforestation areas. The
FANP set theory has advantages in the case of the decision-making process, which needs to rank
priorities by distinguishing real differences between ranks and complex decision-making processes
(Chang and Lin, 2014; Sajedi-Hosseini et al., 2018).

The overall goal of this study was to introduce an integrated, comprehensive framework for the
identification of optimum afforestation areas. Toward this end, the present study aims to: 1) Map
potential land suitability for establishing forests considering the geoenvironmental factors using the
analytical network process (ANP). 2) Quantify morphometric and topographic parameters for each
sub-basin to produce a risk management map. 3) Rank sub-basins for restoration and protection
actions using FANP, and 4) determine suitable species for afforestation regarding environmental and
ecological requirements. Thus, the principal justification for the present study is the need to be able
to characterize the optimum areas for establishing forests intending to restore degraded lands and
conserve the soil and water resources in data-scarce regions where empirical environmental data



are often lacking. This strategy can provide reliable information for watershed managers and
decision-makers and allow them to efficiently invest the resources in critical sub-basins.

2. Materials and methods
2.1. Study area

The watershed is located in the middle part of the Alborz mountains, with a drainage area of
approximately 700 km2. It was selected as a representative river basin in a mountainous, cold, semi-
arid climate. The watershed is bounded by longitudes of 3,950,000—3,990,000 E and latitudes of
530,000-580,000 N in the zone of 39 N (Fig. 1). The elevation ranges from 1532 m at the outlet to
4298 m a.s.l. The mean annual precipitation of the study area is about 600 mm. Precipitation starts
from fall to late spring, with the maximum occurring in March and the minimum at the end of July to
mid-August. The dominant soil texture in the watershed is clay loam. The Latian is a strategic area in
Tehran because of the multipurpose dam in the outlet of the watershed supplying 25% of the
drinking water for the city of Tehran and providing a source of hydropower and irrigation water for
the agricultural lands. The area has recently experienced a conversion of forests to residential areas
and rangelands. The changing precipitation regime has resulted in erosion and increasing flood risk.
Identifying suitable zones for reforestation to protect erosion-prone areas through cost-effective
measures that follow the Sustainable Development Goal 15 aims to “protect, restore and promote
sustainable use of terrestrial ecosystems, sustainably manage forests, combat desertification, and
halt and reverse land degradation and halt biodiversity loss” (UN DESA, 2018). As far as forests are
concerned, target 15.2 of the 2030 agenda promotes the implementation of sustainable
management of all types of forests, halt deforestation, restore degraded forests and substantially
increase afforestation and reforestation globally.
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Fig. 1. The Latiyan watershed, Tehran, Iran.



2.2. Methodology

In this study, we used a framework entitled Optimum Land Suitability Score (OLSS) to rank sub-
basins according to the potential of land suitability for afforestation and risk of erosion. The

framework includes two main steps: multicriteria analysis and fuzzy analysis (Fig. 2). Furthermore,

we suggest the most suitable species for afforestation based on the environmental and ecological
characteristics of the critical sub-basins.
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Fig. 2. Schematic illustration of the study framework.

2.2.1. Multicriteria analysis (MCA)

Identification of the most effective criteria is critical when it comes to characterizing suitable areas
for afforestation with the aim of restoration and protection. Environmental variables (EV) as criteria

were selected to produce a potential land suitability map for afforestation. We chose morphometric

characteristics (MC) and topographical indices (Tl) to characterize potential areas based on erosion

and flood risk. The selected criteria were determined according to the opinions of local and

academic experts, data availability, and characteristics of the study area (Makhdoum, 1999; Joss et
al., 2008; Jaimes et al., 2012; Elhag, 2010; Aher et al., 2014; Zare et al., 2014; Alilou et al., 2019). We

subsequently standardized the sub-criteria, evaluated the inter-relationship between sub-criteria

and criteria, and measured their relative weights. More details about the MCA steps are as follows:



2.2.1.1. Environmental variables. A set of environmental sub-criteria

including hypsometry, precipitation, temperature, slope, aspect, soil data (texture, hydraulic
conductivity, and depth) were chosen to identify the potentially suitable areas for establishing
forests (Elhag, 2010; Jaimes et al., 2012; Zare et al., 2014). To do this, we used a multicriteria
evaluation (MCE module) in TerrSet (geospatial monitoring and modeling software) through a
weighted linear combination (WLC) method. MCE is based on a weighted average concept in which
each factor is standardized using a fuzzy membership function (Table 1). A standardized map was
produced for each sub-criterion, where a fuzzy set was defined to a continuous scale of suitability
from zero (the least suitable) to one (the most suitable) (Eastman, 1999; Ceballos-Silva and Lopez-
Blanco, 2003) (The standardized maps are presented in Fig. S1). The analytic network process was
applied to evaluate the interdependence between sub-criteria and calculate their weights, which
account for each sub-criterion’s relative importance (Eastman, 2001) (Table 2). Each standardized
map was then multiplied by its corresponding weight. The last step was to specify constraints,
including agricultural lands, residential areas, and water bodies. Constraints were converted into a
Boolean map with two values; zero corresponds to areas with no possibility to establish a forest, and
one to the rest of the areas. The final output is the result of a combination of all factors and

constraints together.

Table 1

Standardization method for environmental factors and optimal ranges for
establishing the environmentally adapted species in Latiyan watershed.

Factors Method of standardization Optimal ranges

Hypsometry Symmetric sigmoidal fuzey function 15002200 m

Mean annual Symmetric sigmoidal fuzzy function = 400 mm
precipitation

Mean annual Symmetric sigmoidal fuzzy function 12-14 %
temperature

Slope Symmetric sigmoidal fuzey function 20-40%

Terrain aspect Linear fuzry function with Morth

monotonically decreasing

Soil texture Linear fuzzy function with Loamy-sandy-
monotonically decreasing clay

Soil depth Symmetric sigmoidal fuzey function 50-100 em

Soil Ks Symmetric sigmoidal fuzzy function 34

River distance Symmetric sigmoidal fuzzy function 20-100 m

Table 2

Weights of factors calculated by ANP.

Factors Hypsometry Mean annual precipitation Mean annual temperature Slope Terrain aspect Soil texture Soil depth Soil Ks River distance

Weights 0.298 0225 0.143 0.026 0.046 0.077 0.126 0.037 0.019

2.2.1.2. Topographic indices.

Surface water and sediment transport processes were assessed by composite topographical indices,
including the topographic wetness index (TWI), stream power index (SPI), and sediment transport
index (STI). They were calculated either empirically or by simple equations (Moore et al., 1991) (Egs.
1-3). Compound indices help specify the spatial distribution of surface saturated zones and soil
water content in the watershed. They can also describe the spatial variability of specific processes in
the watershed (Moore et al., 1993; Florinsky et al., 2002; Alilou et al., 2019). As SPI, STI, and TWI are



related to processes such as surface runoff and infiltration; they are affected by the slope (Lanni et
al., 2012). SPl is directly related to stream power and estimates the amount of slope erosion caused
by overland flow (Moore et al., 1991). STI quantifies the amount of soil loss influenced by both slope
length and steepness and reflects the capacity of flowing water to transport the sediment (Moore et
al., 1993; Florinsky et al., 2002). The idea of a wetness index is that the topography controls water
flow in rugged and steep terrain. Therefore, the TWI shows the spatial distribution of soil moisture
that resulted in surface runoff generation (Beven and Kirkby, 1979; Schmidt and Persson, 2003) (Egs.
1-3)

TWI = in (J‘—) )
tanf,
SPI = Ag x tan i (2)
A, M simf
ST = (22 3
(22.13) . (n.nx%) )

B corresponds to the slope in degrees, and As is the area of the watershed. The normalized maps of
topographical indices are shown in Fig. S2.

2.2.1.3. Morphometric characteristics.

The morphometric analysis is a method for characterizing the risk of erosion (Singh, 1994) and
prioritizing micro-watersheds, even without considering the soil map (Biswas et al., 1999). The
drainage system may be affected by soils, slopes, and geologic characteristics of a watershed.
Morphometric analysis was used to assess the watershed’s natural drainage system and prioritize
sub-basins using the parameters known as erosion risk assessment factors (Aher et al., 2014). These
include form factor (Rf), drainage density (D), stream frequency (Fs), drainage texture ratio (Rt),
circularity ratio (Rc), elongation ratio (Re), constant of channel maintenance (C), compactness
coefficient (Cc), and bifurcation ratio (Rb) (Table 3). Since morphometric parameters have different
ranges and values, they should be standardized for evaluation (Hebert and Keenleyside, 1995).
According to past research, standardization was applied using other equations based on the
correlation between parameters and soil erosion. It means that if a parameter shows a positive
correlation with soil erodibility, the highest rank is given to the highest value of that parameter. On
the contrary, the lower value of parameters that reflect the inverse relation with soil erosion is taken
at a higher rank. The values of standardized parameters were then expressed in a range of zero to
one (Hebert and Keenleyside, 1995; Ratnam et al., 2005; Chang and Lin, 2014). The normalized maps
of morphometric characteristics are presented in Fig. S3.

2.2.1.4 Weights of criteria

According to multicriteria analyses, it is necessary to consider the relative importance of criteria to
include them in the final combination. To prioritize sub-basins, the characterization of inter-
relationships among criteria is essential. The analytic network process (ANP) was the method
followed to this end. The ANP is the generalization of the analytic hierarchy process (AHP). The AHP
assumes various criteria to be independent, which rarely happens, especially among environmental
variables (Triantaphyllou and Mann, 1995; Saaty, 2005). However, the ANP considers the
interdependence among different criteria (Saaty, 2005). Interdependence considering interaction



and feedback within clusters of elements and external dependence, considering those among
clusters, were reflected in the network constructed (Liu and Jiang, 2011).

The ANP was applied using Super Decisions 2.2 software (www. superdecisions.com), which is widely
used in multicriteria decision making using AHP and ANP (Gardasevic-Filipovic and Saletic, 2010; Liu
and Jiang, 2011; Azizi and Maleki, 2014). The weighting step was as follows: (a) characterizing
external dependence between criteria; (b) designing the questionnaire (Fig. S4); (c) utilizing the
experts’ opinions to define the priority of each criterion by scoring it between 1 and 9 by making a
pair-wise comparison matrix; (d) testing the consistency of the pair-wise comparison matrix by
calculating the consistency ratio, which shows that weights are randomly selected (< 0.1 is
acceptable); (e) calculating the weights and rank of criteria (Saaty, 2005). The weighted method was
used to calculate the land suitability score (LSS) as a solution to the multiple-criteria analysis (Chang
and Lin, 2014) (Eq., 4).

LSS = Z W, = N; (4)
i=]

In this equation, the weights of the criteria are given by a symbol as Wi, i = 1~-3. Weights of criteria
demonstrate the relative importance of the criteria affecting the final results of multiple criteria
analysis. Wi indicates the relative weight of each criterion (ENVIRONMENTAL VARIABLES (EV),
MORPHOMETRIC CHARACTERISTICS (MC), Tl), and Ni is the standardized value of each criterion. This
method’s output has been considered a natural break approach (Chang and Lin, 2014). This is a
conventional approach that classifies data by minimizing variation within a specific class and
maximizing class variation.

Table 3
Morphometric parameters and analysis.
Morphometric Formula/definition Reference
parameter
Bifurication ratio (Ry) Ry = Ny/MNy Schumm
M, = Total number of stream segment of 19
order ‘u’; Ny, ; = Number of segments of
the next higher order
Stream frequency (F,) F; = Ny/A Haor
A: Basin area (km®) 1932
Drainage densty (D) D =L/A Hor

L = is the total length of all channels of all 1932
order in the drainage basin

Drainage extire ratio R; = Ni/P Hor
(R N; = Total number of frst order streams; 1945
P = Basin Perimeter (km)
Form factor (Ry) Ry = A/Ly 2 Hor

Ly = basin length (km) 1932
Elongation ratio (R} Re = (2/Ly) * & (A/P) Schumm

Circulatory ratio (R.) R, = 4PAP2 Hor
19
Compaciness constant Cp = 02821 PAA .5 bt
(89 ] 1953
Constant of channel C=1/D Schumm

maintenance (C) 1954




2.2.2. Fuzzy analysis

Sub-basins’ priority was determined using a natural break approach, which is a standard method,
and it can minimize variability inside a particular class and maximize the variability among classes
(Jenks, 1967). However, specifying the differences between scores through the natural break
method is controversial (Chang and Lin, 2014). In this regard, we applied the fuzzy theory to
prioritize sub-basins through a new algorithm developed by Chang and Lin (2014), which classified
sub-basins based on the fuzzy theory method, including three steps: 1) normalizing the LSS value for
each sub-basin with the interval ranging from 0 to 1. The LSSn corresponds to the normalized value
of LSS; 2) applying fuzzy membership functions, which account for weights of each sub-basin as low,
medium, and high ratings (Fig. S5). These ratings were calculated as | (LSSn), m (LSSn), and h (LSSn),
respectively, for each sub-basin (Egs. 5, 6, and 7), and the combined fuzzy scores for 56 subbasins
were calculated using Eq. 8, and symbolized as Optimum Land Suitability Score.OLSSi (i = 56); 3)
finally, sub-basins were classified into four classes based on the value of OLSSi.

sy = { P By
\ 2L85, L8S, < 0.5
m(LSS.) = { —21S5, + 2 LSS, > 0.5 (6)
. 0LSS, < 0.5
h{LSS,) = { LSS, + 1 LSS, = 0.5 )
OLSS; = 0% 1{LS54) +5 x m(LS54) + 10 = h(LS54) (8)
(a) Potential land suitability for afforestation
Potential suitability
High: 1
Low:0
(b) Morphometric Characteristics (c) Topographical indices

Potential risk

. Hgn 1
Potential risk N Low: 0
I 023 - 029 Lew Risk A
B o004
LA R
I o004 024 8 12 18
B oot Tk Rk km

Fig. 3. Final maps of criteria: (a) environmental variables which is resulted in potential land suitability map for afforestation, (b) potential risk areas based on
morphometric characteristics, (c) potential risk areas based on topographical indices.



2.2.3. Identifying the appropriate species

After ranking the sub-basins and characterizing critical management areas, appropriate afforestation
species were determined based on environmental conditions, ecological requirements of the species
(Sabeti, 1976; Mozafarian, 2004; Jafari et al., 2018), and previous afforestation in the areas with the
same environmental characteristics (Zare et al., 2014; Ravanbakhsh and Moshki, 2016).

3. Results
3.1. Geo-environmental criteria
3.1.1. Environmental factors

Applying a multicriteria evaluation (MCE) to environmental variables and their relative weights
resulted in identifying a potential suitability map for establishing forest in the Latian watershed. The
value of suitability between zero to one for planting forests decreases from south to north and from
west to east (Fig. 3a). This reduction is affected by changes in the altitude and climatic variables.
Based on the study area’s characteristics, hypsometry is considered the most critical factor in
determining forest expansion as it can affect temperature and precipitation (Sevruk, 1997;
Ravanbakhsh and Moshki, 2016). The experts' opinions’ used to calculate the weights in the ANP
also confirmed this finding as the highest weight was allocated to hypsometry (0.298) followed by
precipitation (0.225), temperature, and soil depth, which were found to be the most influential
factors. The least weight was allocated to the river distance (0.019) (Table 2). Sub-basins located in
the watershed’s northern and eastern parts have a higher elevation, resulting in lower temperatures
and lower soil depth, and limited root distribution. The suitability of land for afforestation in these
areas consequently declined.

3.1.2. Morphometric characteristics

To prioritize sub-basins based on their potential risk of erosion and water availability, we combined
the measured values of morphometric parameters, including bifurcation ratio, form factor, drainage
density, stream frequency, drainage texture ratio, circularity ratio, elongation ratio, the constant of
channel maintenance, and the compactness coefficient based on previous studies (Thakkar and
Dhiman, 2007; Aher et al., 2014; Alilou et al., 2019). The bifurcation ratio, drainage density, stream
frequency, drainage texture ratio have a positive relationship with soil erodibility, and the sub-basin
with the maximum value was ranked one as the highest priority. Also, zero was given to the sub-
basin with the minimum value. The inverse rating process was applied for circularity ratio,
elongation ratio, the channel maintenance constant, and the compactness coefficient. These
demonstrate the inverse proportion with soil erosion factors. It means that one was assigned to the
sub-basins having the minimum value and zero to the sub-basin having a maximum value of the
parameter (Ratnam et al., 2005; Chang and Lin, 2014). There were 56 sub-basins in the study area.
Sub-basins 522 and S46 (Fig. 3b) received the highest priority in terms of morphometric
characteristics. Furthermore, S21, S34, S40, and S4 received a medium degree of susceptibility (Fig.
3b).



3.1.3. Topographic indices

Topographical properties significantly influence soil erosion and sediment transport by affecting
surface flow (Fukuyama et al., 2008). The result of analyzing secondary topographic indices (TWI,
SPI, and STI) is presented as a potential risk map (Fig. 3¢). S23 and S40 showed the highest ranking of
compound topographic attributes, which is specified as the relative susceptibility of these sub-basins
to sediment yield and soil erosion compared to other sub-basins. The most important reasons for
the susceptibility of S23 and S40 are steep slopes and low vegetation cover (Mirzai et al., 2014;
Peyrowan et al., 2017).

3.1.4. Determining the weighs of criteria

Applying the normalized by cluster matrix resulted in calculating the relative weights of criteria
based on local and professional experts’ opinions (Alilou et al., 2019) and field surveys. Experts
stated that environmental factors, especially altitude and climate, were more critical than other
factors in the case of planting forests in arid and semi-arid regions. Moreover, field investigations
indicated that all of the influential factors on erosion, climate, slope, geological materials, and
morphology were the most influential factors in the Latian watershed, which was in agreement with
the findings of Feyznia and Zare (2004). In this regard, the pair-wise comparison matrix with a
consistency ratio of 0.01 indicated the higher normalized weight for environmental criteria. The
morphological criteria represented a relative weight of 0.31, and the lowest weight was allocated to
topographical indices (Table 4).

Table 4
Caleulated weights of criteria using the ANP.
Criteria Normalized by cluster
Environmental variables 0.44
Morphometric characteristics 0.38
Topographic indices 0.18

3.1.5. Prioritization based on land suitability score

Merging final maps of all criteria considering their relative weights resulted in producing a land
suitability score (LSS) map ranging between 0 and 0.94 (Fig. 4). The higher the value, the higher the
priority of implementing management practices. Southern parts of S1, S4, S5, S8, and S34, as well as
the main areas of 521, S22, S23, S33, S37, S40, S42, S45, and S46, are considered potential risk areas
that are also suitable for planting forests as a sustainable management strategy for natural
conservation of soil and water resources in the Latian watershed.

3.1.6. Optimum land suitability score (OLSS) based on fuzzy classification

The sub-basins were classified into four classes based on the OLSS value. The first class (high
suitability) (OLSS, 7.5-10) shows the area with a high priority for afforestation (Alilou et al., 2019).
The sub-basins with values from 5 to 7.5 are classified as the second priority areas (medium
suitability). Other sub-basins with values of 2.5-5 (low suitability) and < 2.5 (no suitability) are
classified as the third and fourth priority areas, respectively (Fig. 5). Each class shows the score of
sub-basins for establishing forests to conserve soil and water resources. In this regard, S4, S21, S22,

10



S34, S37, 5S40, S43, S46, and S50 were ranked first with the highest priority for afforestation. This
method allows the watershed managers to allocate financial resources to the most critical sub-
basins (The necessary information of prioritized sub-basins is presented in (Table 5).

Land Suitability Score
- High : 0.94

- Low: 0
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Fig. 4. Land suitability score (LSS) map.
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Fig. 5. Optimum land suitability score (OLSS) map.

Afforestation is an appropriate nature-based solution to restore degraded lands. As degradation
advances, selecting suitable species that can establish themselves well and provide ecosystem

services like soil and water protection becomes of great importance. Choosing appropriate species

can accelerate vegetation establishment, restoration, and succession (Wang et al., 2007). A list of
species for ecological restoration of prioritized sub-basins includes Juniperus excelsa, Prunus
scoparia, Berberis vulgaris, Celtis caucasica, Prunus lycioides, Rosa canina, Rhus coriaria, Pinus

eldarica, and Pinus nigra (Table 5).

Table 5

Basic information of prioritized subbasins and suggested species considering environmental and ecological characteristics of them.

Subbasin  Altitude Temperature  Precipitation  Slope Terrain aspect Boil texture Recommended species
(m) Q) (mm}) %))

4 2500-2800 68 650-700 20-40  North Clay-loam Juniperus sp.

21 2300-2500 8-10 550-650 30-50 West Clay-loam Juniperus sp, Berberis integerrima, Amygdalus scoparia, Celtis cancasica,
Rhus coriaria

22 2100-2500  9-11 500-650 20-60  Northeast/ Loamy-sandy- Juneperus sp., Berberis integerrima, Amygdolus scoparia, Celtis

Southwest clay caucasica, Rhus coriaria

34 2100-2200 11 500-550 40-60  Northwest Clay-loam Juneperus sp., Berberis integerrima, Celtis caucasica, Amygdalus
scoparid, Pinus nigra

37 2300-2400 10 550-600 20-40  Northwest Clay-loam Juniperus sp, Berberis integerrima, Amygdalus scoparia, Celris caucasica,
Rhus corigria

40 2000-2200 11-12 500-550 20-40  Northwest Clay-loam Juneperus sp., Berberis integerrima, Celtis canicasica, Amygdalus
scoparia, Pints nigra

43 1900-2100 11-13 450-550 20-60 West/Northwest Clay-loam Celtis canecasica, Amygdalus scoparia, Amygdalus lycivides, Pinus nigra,
Rosa canina

46 1600-2000 12-14 400-500 20-60  East/Northwest Clay-loam Celtis caucasica, Amygdalus scoparia, Amygdalus lycivides, Pinus nigra,
Pinus eldarica, Rosa caning

50 1600-2200  11-14 400-550 20-50 West Clay-loam Celtis cancasica, Amygdalus scoparia, Amygdalus lycioides, Pinus nigra,

Pinus eldarica, Rosa caning
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4, Discussion

4.1. How suitable were geo-environmental criteria and the ANP to map potential land suitability In
this study, the relationship between geo-environmental criteria was properly revealed using the ANP
method, and the relative importance of each sub-criterion was also calculated (Eastman, 2001; Alilo
et al., 2019). Environmental factors, hypsometry and precipitation, were found to be the most
important variables for establishing forest in the Latian watershed, similar to the findings by
Ravanbakhsh and Moshki (2016) for Jajrud watershed, located in the mountainous region of north of
Iran. For the Corumbatai river basin, located in the Central-Eastern region of the state of Sao Paulo,
Brazil, Vettorazzi, and Valente (2016) found soil erodibility (Soil Ks) and distance from surface water
to be the most influential factors for ranking the suitable afforestation areas. Our results agree with
those of Zare et al. (2014), who applied land-use planning to position the most appropriate land uses
for forest development in the area close to our study site and assigned the same ranking for
environmental variables. It means that the highest weight was assigned to hypsometry. Moreover,
Joss et al. (2008) indicated that climate factors were more helpful than soil factors to characterize
afforestation suitable areas in regional scales. It supports our results and highlights that different
factors did not have the same influence in different areas (Zare et al., 2014).

In terms of morphometric characteristics, Feyznia and Zare (2004) evaluated the sensitivity of sub-
catchments in the Latian drainage basin to soil erosion by obtaining a land units map of the area
using soil, climate, and geological factors. Their findings showed the same susceptibility ratings as
our areas, as illustrated in Fig. 3b. Field investigations revealed that morphometric analysis is an
effective method to identify sub-basins with critical water and soil degradation conditions, especially
in data-scarce regions (Alilou et al., 2019).

When it comes to topographic indices, controlling soil erosion and sediment transport can be
calculated either empirically or by simple equations (Moore et al., 1991). These indices specified the
spatial distribution of surface saturated zones and soil water content in our study area well (Moore
et al., 1993; Florinsky et al., 2002; Alilou et al., 2019). TWI results indicate that the wetness index is
highly reliable for foresting because it considers the spatial distribution of soil moisture, which is
critical for surface runoff generation (Beven and Kirkby, 1979; Schmidt and Persson, 2003). The SPI,
which estimates the amount of slope erosion affected by an overland flow, can also find areas prone
to sediment transport and different kinds of soil erosion. Therefore, these areas display suitability to
foresting to control soil erosion (Moore et al., 1991).

4.2. Priority assessment based on MCE-FANP

One of the problems associated with afforestation areas is establishing priorities based on
sustainable management of natural resources, among limiting financial budgets and watershed
development options in environmental fields (Sajedi-Hosseini et al., 2018). The proposed approach
enables forest and catchment managers to estimate the suitability of areas and finally select the
most critical areas for afforestation. Besides its advantages, “one of the main limitations of MCE-
FANP is that the weights have been determined based on experts’ knowledge” (Alilou et al., 2018).

Following the results of afforestation studies (Wang et al., 2007; Loades et al., 2010; Wilby and
Keenan, 2012; Dittrich et al., 2019), we introduced a reliable and integrated framework using
multicriteria decision analysis, fuzzification, and clustering to prioritize watersheds in terms of
afforestation for both data-scarce and ungauged and gauged regions.
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4.3. The advantage of restoring the critical sub-basins using selected species

In the early stages of land rehabilitation, where there are no secondary forest or nurse species to
provide shade, priority should always be given to local and native pioneers and light-demanding
species to ensure the success of afforestation in open areas. We propose species according to the
successional stages of vegetation in the study area. The literature on local flora and plant
communities showed that sparse grass communities existed in the study area (Ravanbakhsh et al.,
2016). Therefore, we suggested planting diverse shrubs and trees to increase the density of land
coverage as well as biodiversity. Diverse vegetation cover with various rooting systems and depths
can contribute to anchorage and stabilization of the soil, especially in erosion-prone areas (Korner, ~
2004; Hudek et al., 2017).

In this regard, we proposed Prunus spp., Rhus coriaria, Berberis spp., and Rosa canina as pioneer
shrubs (Sabeti, 1976; Mozafarian, 2004). Based on phytosociological studies and field observations,
these species were seen sporadically in the study area, especially where trees and shrubs were
removed mostly due to human interventions (developing urbanization, heavy grazing, and
agriculture) (Ravanbakhsh et al., 2016).

All of the selected species are well-adapted to the mountainous semi-arid regions. They are drought
resistant and can establish themselves in different soil types and depths (Sabeti, 1976; Mozafarian,
2004). Juniperus sp., especially the Juniperus excelsa grow naturally in most mountainous areas of
Iran and have great ecological importance (Mar vie-Mohadjer, 2006). They thrive in different
elevations ranging between 1900 and 2800 m a.s.l, tolerate severe weather conditions, and show
great adaptability to different light regimes (Ravanbakhsh et al., 2016). They are recommended for
ecological restoration in high altitudes without limitations (Zare et al., 2014). They have an essential
role in runoff management because of their higher soil water holding capacity than other proposed
species (Jafari et al., 2018).

The Prunus scoparia tolerates severe water scarcity, temperature fluctuation and thrives in ranges
between 600 and 2700 m a.s.l. It grows in different soil depths, gravelly soils, and calcareous-
siliceous formations (Sabeti, 1976; Jafari et al., 2018). The Celtis caucasica is drought, disease, and
pest resistant; it grows in arid and steppe regions of Iran between 800 and 2600 m a.s.l and adapts
to any slope, sedimentation, and clay soil. The Celtis caucasica and Amygdalus scoparia are
considered major species of the arid and semi-arid mountains in the Irano-Turanian region
(Ravanbakhsh and Moshki, 2016). Therefore, they are well adapted to the Latian watershed located
in the Irano-Turanian phytogeographic region.

Berberis integerrima and Prunus lycioides occupy large areas in mountainous and cold semi-arid
regions of Iran and show high adaptability to different environmental conditions (Sabeti, 1976).
Berberis integerrima thrives up to 2600 m a.s.l and can establish itself even in thin, dry, and shallow
soils. Juniperus excelsa and Berberis integerrima communities are observed at higher altitudes of the
Latian watershed (Ravanbakhsh and Moshki, 2016). This shrub has the ability for high coppice
shoots; it also develops extensive roots and rhizomes and a thick mass of fibrous roots that are
beneficial for soil reinforcement, slope stability and reduces the risk of soil erosion (Loades et al.,
2010).

Prunus lycioides is resistant to abiotic stresses like the severe cold in winter and drought. This shrub
grows well in gentle and steep slopes at an altitude of 1300-2100 m asl (Marvie-Mohadjer, 2006). It
is a multi-purpose shrub to control soil erosion and is planted in the arid and semi-arid regions of
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Iran (Jafari et al., 2018). It is recommended to plant Berberis integerrima in higher altitudes and
Prunus lycioides in lower altitudes as the pioneer species to ensure the success of restoration efforts
in critical sub-basins (Ravanbakhsh and Moshki, 2016).

The Rhus coriaria is a resistant tree that grows well in soils with high Ca and clay content and on high
slopes at an altitude of 1100 to 2650 m a.s.l, with an annual rainfall of about 600 mm (Sabeti, 1976;
Ravanbakhsh and Moshki, 2016). According to phytosociological studies in the current study area, it
is recommended to plant Rhus coriaria with Celtis caucasica, Berberis spp., and Prunus spp. in
prioritized sub-basins (Ravanbakhsh and Moshki, 2016).

Rosa canina is a deciduous shrub that is suitable for light (sandy), medium (loamy), and heavy (clay)
soils. It acts as a pioneer species due to its high coppice shoot ability, which is used in afforestation
projects in semi-arid mountainous regions of Iran to rapidly cover degraded soils and improve soil
properties (Sabeti, 1976; Ravanbakhsh and Moshki, 2016).

Of all of the above-mentioned indigenous species, Pinus eldarica and Pinus nigra are exotic. Species
not indigenous in an area are called exotic species. When generating a negative impact on the local
ecosystem, exotic species comply with the definition of IUCN for invasive species
(https://www.iucn.org/regions/europe/our-work/biodiversity-conservation/invasive-alien-species).
Therefore, investigating the ecological effect of exotic species and their potential negative impact on
the local ecosystem and species is of great importance.

A nationwide species trial program was carried out from 1968 to 1973 in different provinces of Iran
using several exotic species. The goal of this study was to evaluate and select the appropriate exotic
species in unirrigated conditions in humid and semi-arid areas. This included about 300 different
species and provenances. Elimination/ adaptation trials in the 1960s indicated that P. eldarica and P.
nigra were among the most promising exotic species for planting in afforestation/restoration
projects in the semi-arid areas (Webb, 1973). After five decades, Pinus eldarica and Pinus nigra were
not considered invasive species in Iran. They were successfully applied in various
afforestation/restoration projects in the arid and semi-arid regions of Iran (Sagheb-Talebi et al.,
2009; Zare et al., 2014). They regenerated naturally, which showed their adaptability to this region’s
environmental conditions (Marvie Mohadjer, 2006). The selection of plantation species can be
flexible if environmental and ecological benefits can be achieved in the same system (Prevot-Julliard
et al., 2011). Therefore, we proposed Pinus eldarica and Pinus nigra based on flexibility in
management strategies to us their benefits.

Pinus eldarica and Pinus nigra are fast-growing evergreen conifers that make them proper for
speedy rehabilitation of degraded lands (Sagheb Talebi et al., 2009). As a result of their ecological
flexibility, they have been widely used as tree species for worldwide forestation. We proposed Pinus
nigra for planting in critical sub-basins with higher altitudes than the Pinus eldarica, since it is
resistant to snow and ice damage (MarvieMohadjer, 2006). It also has a strong root system that
enables it to penetrate rocky areas and establishes itself on steep slopes (Jafari et al.,

2018). Pinus eldarica grows well in all parts of Iran except in subtropical regions in the south. It is a
drought and wind-tolerant tree, but it can be easily damaged by low winter temperatures (Jafari et
al., 2018). In this regard, we proposed establishing this tree in prioritized sub-basins located in lower
altitudes. Sadeghi et al. (2016) compared commonly planted tree species in Tehran, Iran, based on
their rainfall partitioning differences to guide tree species selections for afforestation in semi-arid
regions. According to their result, Pinus eldarica might be the best species to plant in semi-arid
regions when afforestation aims to reduce erosion and stormwater runoff.
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5. Conclusion

The present study used a practical framework to characterize the optimum areas for establishing
forests to restore degraded lands and conserve soil and water resources. The proposed framework is
based on a combination of 21 different criteria (environmental, morphological, and topo-
hydrological criteria) and methods (ArcGIS tool, multicriteria evaluation (MCE) and the fuzzy
analytical network process (FANP)), which are considered practical and efficient in both data-scarce
and ungauged regions. With this method, local and professional experts’ opinions were also taken
into account to assign the weights of the criteria based on the study area’s characteristics. Findings
demonstrated that critical sub-basins are located in areas with land-use change and the areas with a
lack of land coverage due to human interventions (developing urbanization, heavy grazing, and
agriculture). Therefore, planting forests in the prioritized sub-basins and using appropriate species
that are adapted to the region will provide a sustainable development strategy to protect natural
resources. The method has the capability to use proper criteria and methods where data scarcity
and limited financial resources are the main problems. Besides, there is no high cost to collect the
data because most of them are available using remote sensing and universal data (e.g., k-factor).
This strategy will provide reliable information for watershed managers and decision-makers, even in
data-scarce regions where empirical environmental data are often lacking, and allow them to
efficiently invest resources in critical sub-basins.
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Fig. S1. Standardized maps of environmental variables: (a) hypsometry, (b) temprature, (c) precipitation, (d) slope,
(e) aspect, (f) soil depth, (g) soil texture, (h) soil ks, (i) river distance.
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Fig. S2. Normalized topographical indices: (a) topographic wetness index (TWI), (b) stream power index (SPI), and
(c) sediment transport index (STI).
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Fig. S3. Normalized morphometric characteristics: (a) bifurcation ratio, (b) stream frequency, (c) drainage density,
(d) drainage texture, (e) form factor, (f) elongation ratio, (g) circularity ratio, (h) compactness coefficient, (i) constant
of channel maintenance.
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Fig. S5 Fuzzy membership function
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