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Abstract 11 

 12 

Background: Because the greenhouse gases (GHGs) emissions are known to be strongly 13 

influenced by land use/land cover (LULC) change, reducing emissions from 14 

deforestation and degradation (REDD) mechanism has attracted much attention as a 15 

strategy for understanding how different LULC scenarios effect on the GHGs emissions. 16 

Transition to other LULC types is one of the major challenges of Iran's Hyrcanian forests 17 

in Golestan province.  To consider how LULC change scenarios affect GHGs, REDD 18 

project was executed in a period of 30 years (2018- 2048) at intervals of 5 years. In this 19 

regard, study area was divided into the project area and leakage belt based on the Multi 20 

Criteria Evaluation (MCE) derived forest suitability map. In the baseline scenario, it was 21 

assumed that the trend of past LULC changes will continue.  22 

Results: By implementation of the project scenario, some degradation activities were 23 

controlled. Project scenario was executed with different project success rates (PSR) of 24 

90, 80, 70, 60 and 50% to examine its efficiency rate in reducing GHGs emissions. 25 

According to the results, 38206.8 hectares of forests within the project area will be 26 

destroyed by 2047 under the baseline. The destroyed area will be reach 39784.4 27 

hectares in the leakage belt. The highest rate of forest destruction in the project area 28 

will occur in the last 5 years (1352 hectares per year), so the highest CO2 and non-CO2 29 

emissions equal to 662655.3 tons/year and 278.94 tCO2e/year will happen in the last 5 30 

years (2042-2047). Based on the results, reducing the PSR affected the efficiency of the 31 

project scenario. The highest and lowest rates of emissions reduction were observed 32 

respectively with PSR of 90 and 50%.  33 

Conclusions: That's very important for developing countries especially Iran that are 34 

facing many challenging forest conservation decisions. This study innovated in 35 

methodology by integrating the MCE into the REDD steps. The MCE as a spatial targeting 36 

method could be applied to increase the efficiency of the REDD project, as we illustrated 37 

for the case of Hyrcanian forests. 38 

 39 
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 44 

1. Background 45 

Forest ecosystems provide a wide range of multiple ecosystem services (ESs) that are 46 

important for sustaining life on earth and maintaining the integrity of the ecosystems 47 

(Bauhus et al., 2010; Gamfeldt et al., 2013; Miura et al., 2015; Mri, 2017; Tolessa et al., 48 

2017). One of the most important forest ESs is climate regulation (Costanza et al., 2017; 49 

Chu et al., 2019). On one hand, carbon accumulates through growth of trees into forest 50 

growing stock. On the other hand, Land use/land cover (LULC) change activities impact 51 

carbon stocks (Vauhkonen and Packalen, 2018). By continuing global forest decline 52 

(Köthke et al., 2013), FAO (2010) predicts that the current annual global forest loss is 53 

about 13 million hectares. The Intergovernmental Panel on Climate Change’s fourth 54 

assessment report (IPCC, 2014) estimated that agriculture, forestry and other LULC 55 

changes specially deforestation contribute 24% of global anthropogenic greenhouse 56 

gases (GHGs). As between the eras from 1750 to 2011, about 180 PgC was released to 57 

the atmosphere due to LULC change, mainly deforestation (IPCC 2014). In the absence 58 

of potential land mitigation and adaptation policies, climate change can affects many 59 

parts of the environment and multiple ESs (Etemadi et al., 2012).  60 

Therefore, reducing land use related GHGs emissions represents a significant climate 61 

change mitigation strategy (Collen et al., 2016). One approach to doing so emerged in 62 

2005, by the Reducing Emissions from Deforestation (RED) program (Pistorius, 2012). 63 

The United Nations Framework Convention on Climate Change (UNFCCC) introduced 64 

RED as a simple monetary mechanism for reducing forest related carbon emissions in 65 

developing countries (UNFCCC, 2005). Over the past few years, the scope of RED 66 

mechanism was notably extended and now includes forest degradation (the second D in 67 

REDD). Also plus activities including sustainable forest management, conservation of 68 

forest carbon stocks, enhancement of forest carbon stocks and safeguard forest non 69 

carbon values led to the REDD+ project (Vije, 2015). REDD is a global environmental 70 

governance mechanism with the objective to slow and eventually halt deforestation and 71 

forest degradation from LULC change in developing countries by providing an economic 72 

incentive to keep carbon stored in vegetation and soils (Angelsen and Wertz- 73 

Kanounnikoff, 2008; Skutsch and Van Laake, 2008; Angelsen and Brockhaus, 2009; 74 

Parker et al., 2009; Arévalo et al., 2020). In recent years, REDD projects have attracted 75 

much attention around the world as a policy to regulate climate change on a national 76 

and regional scale. So far, many developing countries include Indonesia, Philippines, 77 

India, Papua New Guinea, Peru, Vietnam, Cambodia, Tanzania, Zambia, Congo, Bolivia, 78 

Panama and Paraguay have joined and implemented the REDD program (Rakatama et 79 

al. 2019; Ji and Ranjan, 2019; Bos et al., 2019; Massarella et al., 2018;  Guadalupe et al., 80 

2018; Sheng et al., 2016). REDD mechanism requires information on LULC change and 81 

carbon emission trends from the past to the present and into the future (Harris et al., 82 

2012; Eastman, 2015; Capitani et al., 2019; Arévalo et al., 2020). Because the emissions 83 

of GHGs are known to be strongly influenced by LULC change (Cooper et al., 2020; 84 

Hundera et al., 2020), scenario analysis with LULC models can play a major role in 85 

providing information to decision makers. By purpose of spatial targeting of REDD 86 

https://www.sciencedirect.com/topics/earth-and-planetary-sciences/land-use-change
https://www.sciencedirect.com/topics/agricultural-and-biological-sciences/carbon-sink
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studies, LULC change models such as Land Change Modeler (LCM), Geomod, CA- 87 

MARCOV and CLUE-S have been used for the LULC changes prediction, specially forest 88 

loss trend (Feng et al., 2020; Tang et al., 2020; Parsamehr et al., 2019; Mena et al., 2017; 89 

Bununu et al., 2016; Kim, 2010; Hewson et al., 2019; Redowan, 2019). Some models 90 

such as LCM that permits the simulation of future scenario is integrated with a REDD 91 

steps to determine and model anthropogenic GHGs emission reductions (Bununu et al., 92 

2016). In addition to the importance of LULC change models, to increase the REDD 93 

context efficiency, site selection is also one of the success determinants. In other words, 94 

REDD as a least cost policy to achieve climate regulation, obviously depends on how and 95 

where it is implemented (Blom et al., 2010; Lin et al., 2014; Atela et al., 2014).  96 

Located primarily in the dry zone of the northern hemisphere, Iran comprises about 97 

80 % arid or semi-arid lands and just 8.8 % forest cover (Ministry of Jihad-e- 98 

Agriculture, 2007). As a natural and ancient forests of the world, northern forests of 99 

Iran or Hyrcanian forests (Caspian forests) with an area of about 1.2 million ha (Zahedi 100 

Amiri and Zargham, 2015) are belong to the Euro-Siberian biome (Zohary, 1973; 101 

Browicz, 1989). The high precipitation and mild climate of the Hyrcanian region 102 

facilitates broad-leaved dense forests (Noroozi, 2020).  The LULC conversion from 103 

Hyrcanian forests into other anthropogenic land uses have been one of the major 104 

challenges of recent years (Kelarestaghi and Jafarian Jeloudar, 2011), have posed a 105 

decrease in the supply of carbon storage and other ESs (Asadolahi et al., 2018). Golestan 106 

province has lost an average of 403,350 ha forests (0.97% per year) over the years 107 

1990 to 2010. In total, 19.4% of forest cover was lost during this period (FAO, 2010). 108 

Because of the importance of Hyrcanian forests loss in GHGs emotions in north of Iran, 109 

the REDD methodology was implemented as an environmentally friendly policy in 110 

Golestan province. The REDD strategy not only promote the forest conservation but also 111 

contribute to climate regulation. With these objective in mind, by purpose of spatial 112 

targeting the REDD, the LCM and Multi-Criteria Evaluation (MCE) modules in TerrSet 113 

software were integrated into project steps. In the following, we focused on how 114 

different LULC scenarios affect GHGs emissions reduction. 115 

 116 

2. Material and Methods 117 

2.1. Study Area 118 

Golestan province is located in northeastern Iran and lies between latitudes 36° 30´ 119 

and 38° 81´ N, and longitudes 53° 51´ and 56° 22´ E (Fig. 1). The areal extent of the 120 

research location is approximately 20438.3 km2. Due to its location in the northern part 121 

of the Alborz Mountains, Golestan is divided into three regions; mountainous, 122 

submontane, and flat regions. The dominant LULC of the mountainous region is forest 123 

and rangeland. The northern slopes of Alborz Mountains face to one of the main 124 

resources of humid air for Iran, Caspian Sea air masses, which have caused formation of 125 

dense deciduous forests of the northern slopes. The submontane region includes small 126 

hills, mounds, and heights covered by forest species (Ghobadi et al., 2012).  127 

<Fig. 1> 128 

2.2. REDD Methodology Steps  129 



 

 

As shown in Fig. 2, REDD methodology, based on the World Bank’s Bio-Carbon Fund 130 

Project (BioCF), was implemented in the nine steps under two baseline and project 131 

scenarios (Fund, 2008). In the baseline scenario it was assumed that the trend of past 132 

LULC changes especially forest loss will continue, and in the project scenario some of 133 

the degradation and deforestation activities were controlled and stopped (Eastman, 134 

2014).  The REDD steps are explained in detail in the next sections.  135 

<Fig. 2> 136 

2.2.1. Definition of the spatial-temporal boundaries and carbon pools 137 

In the first step of the REDD project, the temporal boundaries, carbon pools and the 138 

spatial boundaries of the reference region, project area and leakage belt are defined 139 

(Fund, 2008). The duration of the REDD methodology activity must be at least 20 years 140 

(Fund, 2008). The spatial boundary of the reference region is the spatial delimitation of 141 

the analytic domain from which information about rates, drivers and patterns of LULC 142 

change will be obtained, projected into the future and monitored (Fund, 2008). The 143 

project area is the area of land on which the project proponent will undertake the 144 

project activities. In contrast, the leakage belt is the land adjacent to the project area in 145 

which baseline activities are likely to be displaced from inside the project area (Fund, 146 

2008). Five carbon pools include above-ground, below-ground, dead wood, litter and 147 

soil organic carbon are potentially eligible in REDD methodology (Fund, 2008). Because 148 

the use of carbon estimates of IPCC reports and previous studies in similar ecosystems 149 

is permitted in REDD methodology, Quantities of carbon stocks were provided by the 150 

results of reviewing 31 internal studies and IPCC reports (Table 1). 151 

<Table 1> 152 

Based on Fund (2008), the starting and end dates of the project were considered 153 

from the year 2018 to 2048. The boundary of Golestan province was considered as the 154 

reference region and the project area and leakage belt boundaries extraction was done 155 

using MCE-derived forestry suitability map.  156 

2.2.1.1. Generating MCE-derived forest suitability map 157 

The MCE methodology operates based a series of raster layers of environmental 158 

parameters that are assumed to have significant influence on land suitability for a 159 

specific LULC category (Mahiny and Clarke, 2012). There are several steps to conduct 160 

the MCE analysis and it begins by specifying a collection of ecological and 161 

socioeconomic factors that are deemed to influence a given LULC category. In this 162 

regard, raster layers of such factors retain digital values that are quantified through 163 

different measurement levels (i.e. nominal, ordinal, interval and ratio). Therefore, by 164 

implementing the fuzzy set theory (Zadeh, 1965), factor layers could be fuzzified 165 

(standardized) and become ready for map integration. The fuzzified scores within each 166 

raster space allow map overlay procedure and acknowledge uncertainty in data layers 167 

and also provide a means for compromising between different opinions on the 168 

importance of each layer. Before map integration, factor layers are weighted to indicate 169 

their relative importance. In this regard, the analytical hierarchy process (AHP) is 170 

applied (Saaty, 1980) to establish a logical basis for conducting several pairwise 171 

comparisons between factors and matrix computations (Table 2). 172 



 

 

<Table 2> 173 

There is also a second category of digital map layers used in the MCE analysis that 174 depict absolutely unsuitable lands for the LULC category under study, called ‘constraint’ 175 

layers, and they retain only 0 and 1 values to indicate impossibility and possibility, 176 

respectively, of developing the targeted LULC category (Table 3).  177 

<Table 3> 178 

The standardized factor layers and constraint maps are combined via map overlay 179 

procedures such as Weighted Linear Combination (WLC) (Eastman 2009), which is 180 

formulated as the following equation: 181 𝑊𝐿𝐶 𝑚𝑎𝑝 𝑜𝑣𝑒𝑟𝑙𝑎𝑦 𝑝𝑟𝑜𝑐𝑒𝑑𝑢𝑟𝑒 = (∑ 𝑊𝑖𝑋𝑖𝑛𝑖=1 ) ∏ 𝐶𝑗                                                                    (1) 182 

Where Wi stands for the AHP-derived relative weight for factor layer i, Xi refers to the 183 

standardized (fuzzified) value for layer i, Π mirrors the multiplication operator, and 184 

finally, Cj indicates the constraint j. The output of such map overlay analysis is a single 185 

raster layer with cell values ranging between 0–255 (or 0-1), which is based on 186 

fuzzification range. Greater scores of suitability imply a higher land potential for the 187 

targeted utility in a given geographical location. These factors are considered to be 188 

highly important for Iranian context, as mentioned in major textbooks (Makhdoum, 189 

2007) and employed by local experts, academic communities and governmental 190 

authorities (Golestan Province land use planning report, 2013). The total set of layers 191 

used for forest suitability mapping were obtained from Gorgan University of 192 

Agricultural Science and Natural Resources, which is the responsible institute for 193 

conducting comprehensive and detailed LULC planning studies in Golestan Province 194 

(Golestan Province land use planning report, 2013). These layers were integrated 195 

through the WLC map overlay procedure of their relevant factor layers given in Table 2 196 

to generate the resultant forestry suitability surface. 197 

2.2.2. Analysis of historical LULC change 198 

The goal of this step is to collect and analyze spatial data in order to identify current 199 

LULC conditions and to analyze LULC change during the historical reference period 200 

within the reference region, leakage belt and project area (Fund, 2008). LULC change 201 

was calculated using the change analysis tab of the LCM. LULC maps for 1984, 2008 and 202 

2018 years were extracted respectively from Landsat 5 Thematic Mapper (TM), Landsat 203 

7 Enhanced Thematic Mapper Plus (ETM+) and Landsat OLI/TIRS images with pixel 204 

size 30 meters. The radiometric and atmospheric correction of images was performed 205 

and were georeferenced to WGS 84/UTM Zone 39 N. Ground truth (250 points) from a 206 

field survey was used for classification and accuracy assessment of the classification 207 

results. LULC categories namely human made, forest, agriculture, rangeland, water 208 

bodies, and bareland were extracted using maximum likelihood classification method in 209 

TerrSet software.  210 

2.2.3. Analysis of agents, drivers and underlying causes of deforestation 211 

The goal of this step is understanding who is deforesting the forest (the agent) and 212 

what drives LULC decisions (drivers and underlying causes) (Fund, 2005). The driver 213 

variables in this study include (1) elevation, (2) slope, (3) aspect, (4) distance from 214 

roads, (5) distance from forest edge, (6) distance from residential areas, (7) distance 215 



 

 

from agriculture, (8) distance from rangelands and (9) distance from water resources. 216 

The elevation variable was prepared from a topographic map and Aster DEM data. Slope 217 

and aspect variables were also extracted from DEM. Distance operator in GIS was used 218 

for the generation of distance variables. V-Cramer statistic in the LCM was used to 219 

investigate the predictive power of variables. As a rule, V-Cramer values above 0.15 and 220 

0.40 are respectively appropriate and good (Eastman, 2015).  221 

2.2.4. Projection of the rate and location of future deforestation 222 

The objective of this step as the core of the baseline scenario in REDD methodology is 223 

to locate in space and time the baseline deforestation expected to occur within the 224 

reference region, project area and leakage belt (Fund, 2005). Modeling the land use 225 

change was implemented with the Multi-Layer Perceptron (MLP) and Markov Chain 226 

(MC) models (Eastman, 2009). In this study, the 1984 and 2008 LULC layers acted as an 227 

observed data for calibration of MLP, while LULC map of 2018 was used to verify the 228 

simulated map for 2018. By using the historical LULC maps (1984-2008), a collection of 229 

conditional probability images, a transition areas matrix, and a Markov transition 230 

probabilities matrix were produced. Also, driver variables (section 2.2.3) affecting the 231 

trend of the variation from one LULC class to another were added in the LCM as a raster 232 

maps. Performance of the model during the calibration process was evaluated using the 233 

Kappa index of agreement and the result validated the simulation success of the model 234 

(Kappa>0.80). Confirmation of model outputs at this stage provides the conditions for 235 

the implementation of the next step.  236 

2.2.5. Identification of forest classes in the areas that will be deforested under the 237 

baseline  238 

The goal of this step is to complete the LULC change component of the baseline 239 

scenario by determining the forest classes that would be deforested without project 240 

case. The REDD project is usually implemented over a 30 years period and evaluations 241 

are carried out over a five years period (Fund, 2005). According to this pattern, changes 242 

in carbon storage was estimated for six different periods from 2018 to 2048 year.  243 

2.2.6. Estimation of baseline carbon stock changes (C-Baseline) and other GHGs emissions 244 

This step finalizes the baseline scenario assessment by calculating baseline carbon 245 

stock changes (C-Baseline) and non-CO2 emissions (Fund, 2005). For calculating the C- 246 

Baseline, initially, CO2 emissions in forest class at year t is calculated with the below 247 

equation: 248 

CO2 emissions in forest class = ∑ 𝐴𝐵𝑆𝐿𝑖𝑐𝑙,𝑡 ∗ 𝐶𝑡𝑜𝑡𝑖𝑐𝑙,𝑡𝐼𝑐𝑙𝑖𝑐𝑙=1                                                       (2)                            249 

Where 𝐴𝐵𝑆𝐿𝑖𝑐𝑙,𝑡: Area of initial forest class icl deforested at time t (ha); 𝐶𝑡𝑜𝑡𝑖𝑐𝑙,𝑡: 250 

Average carbon stock of all accounted carbon pools in the initial forest class icl at time t 251 

(tCO2e).  252 

 253 

Furthermore, by converting the forest class to other LULC types, part of the carbon is 254 

also deposited in the replaced LULC classes according to the following equation: 255 

Sequestrated carbon in the replaced LULC classes = ∑ 𝐴𝐵𝑆𝐿𝑓𝑐𝑙,𝑡 ∗𝐹𝑐𝑙𝑓𝑐𝑙=1 256 𝐶𝑡𝑜𝑡𝑓𝑐𝑙,𝑡               (3) 257 



 

 

Where 𝐴𝐵𝑆𝐿𝑓𝑐𝑙,𝑡: Area of the final non-forest class fcl at time t (ha); 𝐶𝑡𝑜𝑡𝑓𝑐𝑙,𝑡: Average 258 

carbon stock of all accounted carbon pools in non-forest class fcl at time t (tCO2e).  259 

Finally, the total baseline carbon stock change in the project area and leakage belt at 260 

year t  is calculated as follows: 261 𝐶 − 𝐵𝑎𝑠𝑒𝑙𝑖𝑛𝑒 = ∑ 𝐴𝐵𝑆𝐿𝑖𝑐𝑙,𝑡 ∗ 𝐶𝑡𝑜𝑡𝑖𝑐𝑙,𝑡𝐼𝑐𝑙𝑖𝑐𝑙=1 − ∑ 𝐴𝐵𝑆𝐿𝑓𝑐𝑙,𝑡 ∗ 𝐶𝑡𝑜𝑡𝑓𝑐𝑙,𝑡                             (4)𝐹𝑐𝑙𝑓𝑐𝑙=1     262 

Where ∆𝐶𝐵𝑆𝐿𝑡 is Total baseline carbon stock change at year t (tCO2e).   263 

Conversion of forest to non-forest classes by fire is a source of non-CO2 gases 264 

emissions (CH4 and N2O) (Fund, 2005). When sufficient data on such forest fires are 265 

available from the historical reference period, emissions of non-CO2 gases from biomass 266 

burning can be estimated (Fund, 2005). In order to obtain fire information in the forests 267 

of Golestan province, the available data of Natural Resources and Watershed 268 

Management Department of Golestan Province were used during the years 2011 to 269 

2018.  270 

 271 

2.2.7. Estimation of actual carbon stock changes (C-Actual) and other GHGs emissions 272 

under the project scenario 273 

The goal of this step is to provide an actual estimate of carbon stock change under the 274 

project scenario (C-Actual) (Fund, 2008). The rate of decrease in carbon emissions 275 

under project scenario compared to baseline could be indicated as the Project Success 276 

Rate (PSR) percentage. The equation for C-Actual calculation is as follows:  277 𝐶 − 𝐴𝑐𝑡𝑢𝑎𝑙 = (𝑇ℎ𝑒 𝑎𝑚𝑜𝑢𝑛𝑡 𝑜𝑓 𝑐𝑎𝑟𝑏𝑜𝑛 𝑟𝑒𝑙𝑒𝑎𝑠𝑒𝑑 𝑢𝑛𝑑𝑒𝑟 𝑏𝑎𝑠𝑒𝑙𝑖𝑛𝑒) ∗ (𝑃𝑆𝑅)                    (5) 

2.2.8. Estimation of possible leakage due to GHGs emissions associated to leakage (C- 278 

Leakage) 279 

The goal of this step is to provide an ex ante estimate of carbon stock changes and 280 

increase in GHGs emissions due to leakage (C-Leakage) (Fund, 2008). It assumed that 281 

baseline activities that would be implemented inside the project area in the absence of 282 

the project activity could be displaced outside the project boundary due to the 283 

implementation of the project scenario. Therefore, leakage rate (LR) is the decrease in 284 

carbon stocks and the increase in GHGs emissions attributable to the implementation of 285 

the project scenario that occurs outside the boundary of the project area (Fund, 2008) 286 

(Eq. 6).  287 C − Leakage = (The amount of carbon released under baseline) ∗ (LR)                           (6) 

2.2.9. Calculation of net GHGs emission reductions (C-REDD) 288 

The net anthropogenic GHGs emission reduction of a REDD scenario is calculated as 289 

follows:  290 C − REDD = (C − Baseline) − (C − Actual) − (C − Leakage)                                                (7) 

Where: C-REDD: Net anthropogenic GHGs emission reduction attributable to the 291 

project scenario (tCO2e); C-Baseline: Baseline GHGs emissions within the project area 292 

(tCO2e); C-Actual: Actual GHGs emissions within the project area (tCO2e); C-Leakage: 293 

GHGs emissions within leakage belt (tCO2e). 294 



 

 

Due to the importance of PSR and LR factors in GHGs emissions, several REDD 295 

scenarios were determined in this step. In this regard, Efficiency Rate (ER) was defined 296 

(Eq. 8). In any scenario, the values of PSR and LR factors were changed and the impact 297 

of changes on reducing GHGs emissions were assessed (Table 4).  298 ER = PSR − LR                                                                                                                                  (8)     
<Table 4> 299 

2.3. Model sensitivity analysis to changes in forest carbon stocks  300 

REDD methodology allows the use of carbon stocks estimates in similar ecosystems 301 

based on previous studies as well as information contained in IPCC reports (Fund, 302 

2008). In order to sensitivity analysis of the model, the change of the forest carbon 303 

stocks was examined in different states. In each state, forest carbon stocks were steadily 304 

reduced or increased (Table 5). In the baseline state, the estimated amount of carbon 305 

stocks in section 2.2.1 was used. In the other four states, 25 and 50% were added or 306 

reduced to the amount of carbon stocks, respectively (Fig. 3).  307 

< Fig. 3> 308 

<Table 5> 309 

3. Results and Discussion 310 

3.1. MCE-derived border of project area and leakage belt 311 

As shown in Fig. 4.a, the most suitable areas for forestry were mapped by applying 312 

the MCE method at a standard 0–255 scale. It could be seen that the southern part of the 313 

Golestan province (538251.6 ha) was mostly suitable for forestry. Some of ecological 314 

criteria such as precipitation, steep slopes, dense vegetation and highlands had 315 

intensively affected the capabilities of the southern part to develop forests (Mirghaed et 316 

al., 2020).  317 

<Fig. 4> 318 

In this study, we demonstrated how to use a MCE-derived forest suitability map to 319 

identify the most suitable areas for project area and leakage belt. Based on the value 320 

range of the forest utility map, the amount of 335087.9 ha was allocated to the project 321 

area and 203163.7 ha to the leakage belt (Fig. 4.b). Without REDD implementation, 322 

31443.8 ha of forests within project area would be destroyed until 2047 year. In order 323 

to prevent of this problem, in the first step of REDD project, greater scores of forest 324 

suitability map were allocated to project area and lower scores were assigned to 325 

leakage belt. With this approach, more suitable forest areas were conserved as project 326 

areas and the leakage belt was the land adjacent to the project area in which destructive 327 

activities were likely to be displaced from inside the project area (Fund, 2008). 328 

It should be noted that recent studies such as Modica et al (2016), Valente at al. 329 

(2017), Goleiji et al (2017), Hashemi (2018), ollah Hosseini et al (2019), Ezzati (2019) 330 

and Li et al (2020) have used the MCE method in the forest management planning 331 

include prioritizing areas for agro-forestry, forest restoration, forest fire risk 332 

assessment and afforestation and forest expansion. Ahmadi sani et al (2016) 333 

emphasized that without ecological suitability analysis in forest planning, there is a risk 334 

that the forests will lose natural ecosystem characteristics and many of their ESs. 335 

Integrating the MCE method into the REDD project provide a powerful basis for policy 336 



 

 

makers to conserve the most suitable areas for the carbon storage, climate regulation 337 

and other ESs. Lin et al (2014) and Blom et al (2010) emphasized that both the design 338 

and the context of REDD projects are main drivers of success.  339 

 340 

3.2. Analysis of the historical LULC change, deforestation drivers and future deforestation 341 

projection 342 

Fig.5a-c show the three classified LULC maps for the analyzed years. The overall 343 

accuracy of 0.75, 0.78 and 0.85 showed an almost perfect agreement for the classified 344 

maps of 1984, 2008 and 2018, respectively. 345 

<Fig. 5>   346 

Change detection analyses between 1984 to 2018 was conducted in two sub periods 347 

including 1984-2008 and 2008-2018. In the year 1984, forest, rangeland and 348 

agriculture classes with almost equal areas (6394/6546/6066km2) covered 93.7% of 349 

the study area. The lower part of the study area was dominated by forest followed by 350 

agriculture in the middle and rangeland in the upper part. Comparing the LULC maps of 351 

the years 1984, 2008 and 2018, the most obvious LULC change was accrued in forest 352 

and agriculture classes (Table 6). There was a significant difference between 2008 and 353 

later date tested, as by this time rangeland was no longer the dominant LULC class, 354 

having been replaced by agriculture.  355 

<Table 6>     356 

From 1984 to 2018, forest, one of the most prevalent classes was largely converted 357 

(more than 1000 km2) as the areal coverage of forest decreased 26.5% (5382 km2) at 358 

the cost of agriculture and rangeland increase to 34.0% (6887 km2) and 33.0% (6701 359 

km2) of the study area respectively. Furthermore during these years, about 182 km2 of 360 

study area were mainly converted into human made class. Over the whole period 361 

(1984-2018), water bodies and human made areas covered the smallest areas. 362 

Comparing the two sub periods (1984-2008 and 2008-2018), the forest changes follow 363 

a similar decreasing trend (Table 6). Although the deforestation rate is somewhat 364 

slower in the second period (-2.1%/-2.8%). This problem showed that during the 365 

second sub period (2008-2018), deforestation has not only occurred at the expense of 366 

agriculture, but the other LULC classes have also grown. In contrast to the first period, 367 

rangeland increased with positive growth rate (+0.9%/-0.19%).  368 

Steps 3 to 5 were performed with LCM module in TerrSet software. In the baseline 369 

scenario was assumed the continuation of deforestation change rates over the past 370 

years (1984-2018) in the reference region, project area and leakage belt. Variables 371 

include slope, elevation, distance from rangelands, distance from croplands, distance 372 

from human made areas, distance from forest edges, distance from roads and distance 373 

from rivers were significantly correlated with deforestation during 1984-2002 (Cramer 374 

values>0.11) and used as explanatory variables for projection of the rate and location 375 

of future deforestation (Fig.6).  376 

<Fig. 6> 377 

The variables slope, elevation and distance from rangeland were the most significant 378 

according to the Cramer's V test (Table 7). The lowest result was obtained for the 379 



 

 

"aspect". This means that this variable had low significance in deforestation prediction. 380 

These results confirm the findings of Shooshtari and Gholamalifard (2015) in the Neka 381 

watershed, Shooshtari et al (2020) in the Ghara-su basin and Zabihi et al (2020) in in 382 

the Talar watershed, northern Iran. 383 

<Table 7> 384 

After selecting explanatory variables the transition sub models were defined and 385 

MLP was executed. Based on the major LULC changes and with the aim of investigating 386 

of deforestation, three sub models were defined include forest to human made areas, 387 

forest to rangelands and forest to agriculture. The training accuracy result from the 388 

iteration of the explanatory variables for all sub models based on the MLP algorithm 389 

exceeded from 85% after 10000 iterations.  390 

For projection of future deforestation under the baseline scenario, in addition to 391 

preparing transition potential layers, the Markov chain was used to investigate the 392 

amount of LULC changes over multiple time periods. Table 8 represents the LULC 393 

transition probability matrix for the years 1984 and 2008. According to the results, the 394 

highest likelihood of transition was from forest class to agriculture and rangeland.  395 

<Table 8> 396 

The quantity of changes extracted from the Markov chain (Table 8) and transition 397 

potential layers used to predict future LULC. In this step, the 1984 and 2008 LULC maps 398 

were used as an observed data for calibration of LCM. Also the actual LULC map for the 399 

year 2018 was used to verify the simulated map of 2018. This was achieved by running 400 

the VALIDATE module (Pontius, 2000). The Kappa statistics value (0.82) showed that 401 

LCM was efficient in predicting deforestation under the baseline scenario. Fig. 7a-f 402 

shows predicted LULC maps of study area by the year 2048 over a period of 5 years 403 

include 2022, 2027, 2032, 2037, 2042 and 2047.  404 

Fig. 8 shows the extent of deforestation in the project area and leakage belt. The 405 

highest rate of forest destruction in the project area occurred in the last 5 years, which 406 

is 1352 hectares. While the most destruction in the leakage belt was 1435 hectares and 407 

occurred in the first 5 years. The destroyed area reaches 33548.8 hectares in the 408 

leakage belt. 409 

< Fig. 8> 410 

A major component of the REDD project is historical change assessment specially 411 

deforestation and the underlying causes of changes (Eastman, 2015). As studies on 412 

LULC change analysis in north of Iran showed that Hyrcanian forests were the main 413 

contributor to increase agriculture (Minaei and Kainz, 2016; Asadolahi et al., 2018; 414 

Nasiri et al., 2019; Aghsaei et al., 2020; Shooshtari et al, 2020). Studies in other parts of 415 

the world also confirm that deforestation has taken place at the expense of agricultural 416 

activities (Fernandes et al., 2020). In Golestan province like other areas in northern 417 

Iran, most of deforestation was occurred surrounding forest areas (Shooshtari and 418 

Gholamalifard, 2015; Asadolahi et al., 2018; Beygi Heidarlou et al., 2019) at the expense 419 

of marginal expansion of agricultural lands to meet local stakeholder interests. Although 420 

Shooshtari and Gholamalifard (2015) attributed deforestation to the role of other 421 

human activities such as grazing, tourist attractions and use of forest wood by local 422 



 

 

residents. Also Poorzadi and Bakhtiari (2009) identified illegal logging, floods and the 423 

cultivating lands expansion by local stakeholders as a main reasons of the loss of Iran's 424 

Caspian forests. Consistent with the results of this study, the studies of Heidarlou et al 425 

(2019) and Jahanifar et al (2020) highlighted that unsustainable land use policies over 426 

the past decades have led to forest degradation more severely in Iran.   427 

 428 

3.3. Estimation of C-Baseline and other GHGs emissions under baseline scenario 429 

Fig. 9 shows CO2 emission rate within the project area under the baseline scenario. 430 

Given that the most of forest destruction in the project area occurred in the last 5 years, 431 

so the highest emission equal to 757119.1 tones occurred during 2042-2047. Table 9 432 

indicates the reduction in CO2 emissions due to carbon sequestration by changing 433 

forests to other LULC types. According to the results of Table 9, the net CO2 emission 434 

rate within the project area was obtained from equation (4). Fig. 10 shows CO2 emission 435 

due to deforestation and net CO2 emission after carbon sequestration within the leakage 436 

belt under the baseline. 437 

< Fig. 9> 438 

<Table 9> 439 

<Fig. 10> 440 

The conversion of forests to other LULC types by fire is an important source of other 441 

GHGs emissions such as CH4 and N2O.  The highest emission rates of CH4 and N2O equal 442 

to 278.94 tCO2e within the project area occurred in the last 5 years (2042-2047). Also, 443 

the lowest rate of emissions was related to the first 5 years at the rate of 240.05 tCO2e. 444 

On the other hand, within the leakage belt, the highest CH4 and N2O emissions occurred 445 

in the first 5 years at the rate of 296.07 tCO2e and the lowest rate was 257.18 tCO2e in 446 

the last 5 years. The result of the REDD implementation confirmed that baseline 447 

scenario was not appropriate policy as the continuation of current LULC changes 448 

without any land planning strategy would led to more GHGs emissions. The results 449 

showed that under baseline scenario over the past three decades (1984-2018) up to the 450 

year 2047, a total of 21386238, 22269266 and 43655742 tons of CO2 would be emitted 451 

from the project area, leakage belt and the whole area, respectively. The estimated rates 452 

show the vital role of Hyrcanian forests in reducing GHGs emissions. This observation is 453 

similar to Zarandian et al (2017); Zarandian et al (2018) and Sadat et al (2019). In this 454 

regard Zarandian et al (2017) showed that among the possible LULC future scenarios,  455 

the BAU scenario had the most negative reduction effect on multiple ESs specially 456 

carbon storage.   457 

Another positive point in this study was the involvement of fire related destructive 458 

processes. Forest fire information of Golestan province showed that since the year 2011 459 

to 2018, 1511 fires have occurred, destroying about 1501 hectares of the Golestan 460 

province's forests. The results showed that fire within project area and leakage belt 461 

respectively would emitted 7879 and 8204 tCO2e of the non-CO2 GHGs by the year 462 

2047.  463 

 464 



 

 

3.4. Estimation of C-Actual, C-Leakage, C-REDD and other GHGs emissions under the 465 

different project scenarios  466 

Figs. 11 and 12 show the C-Actual and non-CO2 emissions within the project area 467 

under different REDD project scenarios. With the implementation of the first scenario, 468 

the CO2 emission within the project area was estimated at 57396.82 tons in the year 469 

2018. This rate reached to 66265.59 tons in the year 2047. On the other hand, non-CO2 470 

emissions were estimated at 24 tCO2e and 27.8 tCO2e respectively. In the second 471 

scenario, PSR dropped from 90 to 80% which led to a change in GHGs emissions. 472 

Accordingly, the CO2 emission within the project area was estimated at 114793.6 tons in 473 

the year 2018. This rate in 2047 reached to 132531.2 tons. Non-CO2 emissions were 474 

estimated at 48 tCO2e and 55.7 tCO2e respectively. The PSR was considered 70% in the 475 

third scenario. According to the third scenario, CO2 emissions in the years 2018 and 476 

2047 within the project area were estimated at 172190.05 and 198796.8 tons, 477 

respectively and non-CO2 emissions were estimated at 72.01 tCO2e and 83.6 tCO2e. 478 

Reducing the PSR affects the EC of the project. The EC in the first, second and third 479 

scenarios was 80, 60 and 40%, respectively. In the fourth scenario, this coefficient 480 

reached to 20%. Reducing the EC by 20% brought GHGs emissions closer to the baseline 481 

scenario. According to the fourth scenario, CO2 emissions in the years 2018 and 2047 482 

within the project area were estimated at 229587.3 and 265062.3 tons, respectively. 483 

Non-CO2 emissions were estimated at 96.0 tCO2e and 111.57 tCO2e. The fifth scenario, 484 

with the lowest PSR (50%), was the closest scenario to the baseline. According to this 485 

scenario, CO2 emissions in the years 2018 and 2047 in the project area were estimated 486 

at 286984.1 and 331327.9 tons, respectively. Non-CO2 emissions were estimated at 120 487 

tCO2e and 139.4 tCO2e. 488 

< Fig. 11> 489 

             < Fig. 12> 490 

Increase in the GHGs emissions within leakage belt was estimated by displacing the 491 

baseline activities to outside of the project boundary under different REDD project 492 

scenarios. Leakage rates in the first to fifth scenarios were 10, 20, 30, 40 and 50%, 493 

respectively. CO2 emissions within leakage belt in the fifth scenario, which had the 494 

highest leakage rate, was higher than other scenarios. The maximum CO2 emission 495 

equal to 331327.9 tons was related to the fifth scenario in the year 2047. The emission 496 

pattern of non-CO2 GHGs in the leakage belt was very similar to C-leakage emissions. 497 

The highest emission was in the year 2047 in the fifth scenario with 139.4 tCO2e 498 

As shown in Fig. 13, C-REDD was estimated from equation (7) under different project 499 

scenarios. According to the results, the highest and lowest rate of net CO2 emissions 500 

reduction occurred respectively in the first and fifth scenarios with PSR, LR, and EC of 501 

90, 10, 80 % and 50, 50, 0%, respectively. A similar trend was observed for net non-CO2 502 

emissions reduction (Fig. 14). 503 

The goal of developing less successful REDD project scenarios was to assess the 504 

impact of the unsustainable land use policies. As inappropriate decision making 505 

approaches reduced the success rate of the REDD project up to the baseline scenario. 506 

Similar results have been presented in recent studies. The results of Heidarlou et al 507 



 

 

(2019) revealed that in spite of the implementation of preservation policies, forest loss 508 

in Iranian Sardasht Zagros forest hasn't decreased. They attributed the inefficiency of 509 

conservation policies to the poor implementation practices, lack of fund, lack of local 510 

resident's participation in management, unemployment and the lack of use the modern 511 

technologies in the future. In contrast, studies from Madagascar and Brazil that 512 

conducted by Hewson et al (2019) and Sanquetta et al (2020), have shown that 513 

effective forest conservation policies could deliver substantial GHGs emissions 514 

reduction.  515 

< Fig. 13> 516 

< Fig. 14> 517 

3.5 Model sensitivity analysis to changes in forest carbon stocks  518 

However, the use of carbon estimates of previous studies is permitted in REDD 519 

methodology, but probable changes in the carbon stocks was investigated in different 520 

states by executing sensitivity analysis. According to results, as carbon storage 521 

increased to 50%, CO2 emissions dropped to 719797 tons by the year 2047. On the 522 

other hand, 50% reduction in carbon storage reduced CO2 emissions to 198551 tons by 523 

the year 2047, the lowest emission among possible states (Fig. 15). The reduction in 524 

non-CO2 GHGs emissions in the second state was the lowest at the year 2047. The rate of 525 

this decrease was about 334.7 tCO2e (Fig. 16).  526 

< Fig. 15> 527 

              < Fig. 16> 528 

4. Conclusions 529 

This paper presented an example of future scenario planning to reduce GHGs 530 

emissions in Iran's Hyrcanian forests. According to Hewson et al (2019) scenario 531 

analysis can support policy decisions by demonstrating potential impacts of policies on 532 

future deforestation and GHGS emissions. That's very important for developing 533 

countries especially Iran that are facing many challenging forest conservation decisions. 534 

Also this study innovated in methodology by integrating the MCE into the REDD steps. 535 

The MCE as a spatial targeting method could be applied to increase the efficiency of the 536 

REDD project, as we illustrated for the case of Hyrcanian forests. Our approach in using 537 

the spatially explicit models such as LCM, MCE and REDD have the potential to notify 538 

policy makers about how historical and future land use changes are likely to effect the 539 

GHGs emissions in their region. 540 
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Figures

Figure 1

Geographic location of Golestan Province



Figure 2

REDD Methodology Steps



Figure 3

Changes in forest carbon stocks coe�cients under different states

Figure 4

(a) MCE-derived forest suitability map, (b) border of Reference region, project area and leakage belt.



Figure 5

LULC maps of study area for (a) 1984, (b) 2008, and (c) 2018



Figure 6

Driver variables correlated with deforestation during 1984-2002



Figure 7

Predicted LULC maps of study area for (a) 2022, (b) 2027, (c) 2032, (d) 2037, (e) 2042 and (f) 2047.



Figure 8

Destruction rate of forest cover in the project area and leakage belt.

Figure 9

CO2 and Net CO2 emissions within the project area under baseline.



Figure 10

CO2 and Net CO2 emissions within the leakage area under baseline.



Figure 11

Estimation of C-Actual changes under the different project scenarios



Figure 12

Estimation of non-CO2 emissions under the different project scenarios.



Figure 13

Net CO2 emission reduction under different project scenarios (C-REDD)

Figure 14

Net non-CO2 emissions reduction under different project scenarios.



Figure 15

CO2 emissions by changing the amount of forest carbon stocks in different states.

Figure 16

Non-CO2 emissions by changing the amount of forest carbon stocks in different states.


