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3. Analysis and Simulation of Forest Cover Changes 

3.1. Introduction 
Although Lao People’s Democratic Republic (PDR), is endowed with a wide range of forest resources, 
forest areas declined from 70% of land area in 1940 to 41.5% in 2004 (World Bank, 2005). For example, 
shifting cultivation has rapidly increased from 1992 to 2002, occupying more than 60% of the total land in 
the northern Lao PDR. According to Siedenberg et al. (2003), 40% or household of 300,000 are either fully 
or partially engaged in shifting cultivation in the northern region. In light of the rapid deforestation, the Lao 
government has increased its commitment and thus shifted focus on improving forestry management in 
order to eradicate poverty (Committee for Planning and Investment, 2006). 

While the Lao government has instituted important legal and regulatory framework for sustainable forestry 
management, implementation of effective management and governance of natural forests remains 
problematic due to ambiguities of policies and legislation among other factors (ADB, 2009; Morris et al., 
2004). In addition, there is lack of professionally and technically trained staffs and facilities at both the 
district and provincial levels. 

Although the Lao government controls all forestland and regulates forest production, community 
empowerment is needed in order to improve existing sustainable forest resource management practices. 
Given the increasing deforestation and pressure on the forest product and NTFP as well as the limited 
financial and human capacity, the transfer of forest control and management to local communities is 
fundamental for implementing sustainable development. 

Against this background, REDD/REDD+ implementation framework emerged as a new paradigm, which 
could assist Lao PDR, to develop local strategies that can potentially reduce deforestation and forest 
degradation as well as alleviate poverty. As a result, the Department of Forestry (DOF) has engaged in with 
various stakeholders such as donor countries, FAO and World Bank to improve existing forest management 
practices at village, district, provincial and national levels within the REDD/REDD+ implementation 
framework. These activities have aimed at recovery from decreased forest focusing on wide protection 
areas and forest conservation in Lao PDR. Given the potential and benefits of reducing CO2 emissions from 
deforestation and forest degradation, there is an urgent need to establish monitoring systems, and 
appropriate modeling tools which are critical for understanding the temporal changes of the remaining 
forest resources as well as assess and simulate the impact of future deforestation and forest degradation 
within the REDD/REDD+ implementation framework. 

The Global Observation of Forest and Land Cover Dynamics (GOFC-GOLD) recommends three types of 
approaches for measuring forest cover changes (Table 3-1). Accordingly Parker (GCP 2009) summarized 
major opinions on REDD/REDD+ among donor countries, developing countries and other stakeholders, 
and set up three reference levels, namely historical baseline, historical adjusted baseline and projected 
baseline. In REDD/REDD+ implementation framework, "Approach 3" in Table 3-1 is required because of 
the need to identify between amount of forest carbon stock and geospatial location. However, these 
requirements and demands are high because of shortage of available information in Lao PDR. 

Although remote sensing and GIS techniques required in this approach have proven to be effective means 
for monitoring forest cover changes, they are still not adequate for integrated modelling because the 
acquisition of socioeconomic data still constitute a major problem in developing countries (Nelson and 
Geoghegan, 2002). Taking into consideration the paucity of data in Lao PDR, the objectives of this chapter 
is to analyze forest cover changes using data from different sources as well as to simulate future forest 
cover changes at district and provincial levels using a GIS-based Markov-cellular automata (MCA) 
modelling approach. 
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Table 3-1  Assessment of land use/cover changes 

 Application 
for REDD 

Explanation 

Approach 1 × 

Approach 1 identifies the total area for each land category typically 
from non-spatial country statistics, but does not provide information 
on the nature and area of conversions between land use in other word, 
net land use change and thus is not suitable for REDD. 

Approach 2 ∆ 
Approach 2 involves tracking of land conversions between categories, 
resulting in a non-spatially explicit land use conversion matrix. 

Approach 3 ○ 

Approach 3 extends Approach 2, derived from mapping techniques.  
Similarly to current requirements under Kyoto Protocol, it is likely 
that under a REDD mechanism that land use changes will be required 
to be identifiable and traceable in the future, in other word it is likely 
that only this approach can be used for REDD implementation. 

Source: GOFC-GOLD Sourcebook 2009 
 

3.2. Forest Cover Changes Based on the Available Forest Cover 
Statistics 

For performing time-series analysis, only two types of forest information namely the National Forest 
Inventory data from FIPD (hereinafter called NFI) and Forest Resource Assessment (hereinafter called 
FRA) of FAO are available. However, the latter, which is said to be just an estimate value based on 
discussions between FAO and Lao PDR, may have serious issues with regard to classification accuracy. 
Therefore, forest cover changes were analyzed based on the above mentioned data uncertainty. 

3.2.1. Forest Cover Changes in Lao PDR 

Table 3-2 shows forest cover changes in Lao PDR and in neighboring countries derived from FRA2010 
data. According to Table 3-2, Lao PDR retained more of its forest cover than the neighboring countries. 
However, the loss of forest cover was 78,000 ha annually. 

FRA2010 defines forest as land spanning more than 0.5 ha with trees higher than five meters and a canopy 
cover of more than 10 %, or trees able to reach these thresholds in situ. Therefore, it is not possible to make 
a simple comparison between FRA2010 and NFI forest cover information because of the difference in 
definition of forest and forest cover categories. FRA2010 calibrated and redefined forest categories as 
current forest, bamboo, ray, unstocked forest from the Lao PDR forest cover categories. Table3-3 shows 
the adjusted forest categories in Lao PDR (FAO 2010). 

Table 3-2  Forest cover changes in Indochina countries 

 

Forest Cover  Annual Rate of Change 

1990 2000 2005 2010
1990
-2000

1990 
-2000

2000 
-2005

2000 
-2005 

2005 
-2010 

2005
-2010

% % % % 
1,000 
ha/yr

%/yr 
1,000 
ha/yr 

%/yr 
1,000 
ha/yr 

%/yr

Lao PDR 75.0 71.6  69.9 68.2 -78 -0.46 -78 -0.48  -78 -0.49 
Cambodia 73.3 65.4  59.2 57.2 -140 -1.14 -163 -1.45  -127 -1.22 
Myanmar 60.0 52.9  49.0 48.3 -435 -1.17 -309 -0.90  -310 -0.95 
Thailand 31.2 29.0  28.4 37.1 -55 -0.28 -21 -0.11  15 0.08 
Viet Nam 28.8 36.0  39.7 44.5 236 2.28 270 2.21  144 1.08 

Source: Base on data of FRA2010 
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Table 3-3  Forest cover types in Lao PDR classified by FAO 

Categories 
Area（1,000 ha） 

1990 2000 2005 2010 
Forest Prime 1,490 1,490 1,490 1,490

Modified natural 15,820 14,943 14,428 14,037
Semi natural  
Productive plantation 3 98 223 223
Protective Plantation 1 1 1 1
Total 17,314 16,532 16,142 15,751

Other wooded land 3,472 4,153 4,493 4,834
Other land 2,294 2,395 2,445 2,495
Other land of which with tree cover -  
Inland water bodies 600 600 600 600
Total 23,680 23,680 23,680 23,680

Source: FAO (2010) FRA2010 
 
3.2.2. Forest Cover Changes Based on NFI Data 

Time-series data based on NFI forest survey for 1982, 1992 and 2002 is shown in Table 3-4. Field surveys 
were carried out in 22 areas throughout country. In light of the changes in forest cover changes, current 
forest decreased rapidly from 1992 to 2002 compared to the 1982-1992 period. As a result, potential forest 
overtook current forest as the largest class in 2002. Generally, current forest and potential forest make up 
approximately 90% of total forest cover in Lao PDR. 

While FRA data shows 78,200 ha in forest cover, NFI indicates an undervalued area of 29,800 ha. It should 
be noted that these difference resulted from the definition of forest cover categories, which assumes that 
other land use categories transit to forest cover in line with the vegetation phenological cycle in Lao PDR. 
Thus, current forests were converted to potential forest, suggesting that carbon stock was lost in forest 
areas. More importantly, the conversion of ray to unstocked forest (post-shifting cultivation areas) should 
be analyzed with caution in the REDD implementation framework. 

Table 3-4  Forest cover changes in Lao PDR 

 1982 1992 2002 1982-1992 1992-2002 1982-2002 

 % % % 
1000 
ha/yr

% 
1000 
ha/yr

% 
1000 
ha/yr 

% 

Current Forest 49.1 47.2 41.5 -46.89 -1.98 -134.33 -5.67 -90.61 -7.65
Dry Dipterocarp 5.2 5.1 5.6 -2.87 -0.12 11.08 0.47 4.11 0.35
Upper mixed deciduous 32.9 31.5 23.2 -34.17 -1.44 -195.10 -8.24 -114.64 -9.68
Potential forest 36.1 37.8 47.1 39.49 1.67 220.32 9.30 129.91 10.97
Bamboo 6.2 6.5 2.3 7.49 0.32 -99.29 -4.19 -45.90 -3.88
Unstocked forest 27.4 28.7 42.6 29.17 1.23 330.49 13.96 179.83 15.19
Ray 2.5 2.6 2.2 2.83 0.12 -10.88 -0.46 -4.03 -0.34
Other wooded area 6.5 6.1 1.2 -10.12 -0.43 -115.77 -4.89 -62.95 -5.32
Savannah/ 
open woodlands 

4.1 3.9 0.4 -6.15 -0.26 -81.81 -3.45 -43.98 -3.71

Heath/ scrub forest 2.4 2.2 0.8 -3.97 -0.17 -33.96 -1.43 -18.97 -1.60
Total forest area 91.8 91.1 89.8 -17.52 -0.74 -29.78 -1.26 -23.65 -2.00
Permanent 
agricultural land 

3.0 3.6 5.1 14.07 0.59 35.06 1.48 24.57 2.07

Rice paddy 2.8 3.3 4.1 13.11 0.55 17.43 0.74 15.27 1.29
Other non-forest area 5.2 5.4 5.1 3.45 0.15 -5.28 -0.22 -0.92 -0.08

Source: DOF（2005）Report on the assessment of forest cover and land use changes 1992-2002 
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3.2.3. Forest Cover Changes in Lao PDR 

Figure 3-1 shows simplified projected deforestation under the BAU scenario that use historical baselines 
(that is the past forest cover changes) as a proxy for future behavior. Due to the paucity of forest cover data 
in Lao PDR, the historical baseline data does not meet the accuracy or reliability requirements needed for 
the REDD/REDD+ implementation framework. Therefore, it is important to conduct more land use/cover 
analyses in the intervening periods in order to accumulate more reliable forest cover information. In 
general, forest cover changes in Lao PDR indicate a downward trend, particularly the current forest class, 
which has a high tendency to decrease according to the NFI. 

Estimating REDD/REDD+ reference levels or crediting baselines for alleviating deforestation using the 
above data is not robust because of low reliability and accuracy. However, simplified hypothetical 
reference or crediting baseline scenarios were set up on a trial basis in order to estimate the potential 
REDD/REDD+ credits. Forest carbon data was derived from the estimated above-ground biomass from 
FRA2010, while annual CO2 emissions derived from deforestation was also calculated using the FRA2010 
forest cover data (Table 3-5). 

Table 3-6  shows, three crediting baseline scenarios. According to crediting baseline 1, if deforestation is 
reduced by 5% at the national level, approximately 1.0-1.2 billion yen will be generated. However, it 
should be noted that the calculations done here are merely hypothetical for the purpose of illustrating 
crediting baselines under different rates of reduced deforestation. 
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Figure 3-1  Simplified reference levels at the macro level 
 

Table 3-5  Estimates of CO2 emissions from loss of forest area using FRA2010 data 

 
Forest area 

Annual 
deforestation 

Above ground 
biomass  

Annual CO2 emissions 
from deforestation 

1,000 ha 1,000 ha t/ha Mt CO2e 
FAO FRA2010 15,751.0 78.2 68.2 19.55 
FIPD 2002 (Current Forest) 9,824.7 90.6 68.2 22.66 

Source: FRA 2005 
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Table 3-6  Hypothetical crediting baselines in Lao PDR (national scale) 

 

Crediting baseline 1 
Annual deforestation is 

reduced by 5%  

Crediting baseline 2 
Annual deforestation is 

reduced by 10% 

Crediting baseline 3 
Annual deforestation is 

reduced by 20% 
€ 10  € 20  € 30 € 10 € 20 € 30 € 10  € 20  € 30 

Million Yen Million Yen Million Yen 
FAO FRA2010 1,099.8 2,199.5 3,299.3 2,199.5 4,399.0 6,598.5 4,399.0 8,798.1 13,197.1
FIPD2002 
(Current Forest) 

1,274.5 2,549.1 3,823.6 2,549.1 5,098.2 7,647.3 5,098.2 10,196.3 15,294.5

Note: €1 = \112.50 
 

3.3. Forest Cover Changes Based on Remote Sensing Analyses 
3.3.1. Land Use /Cover Changes in the Target Provinces 

Table 3-7 and Table 3-8 show forest cover changes in Luangprabang province derived from remotely 
sensed satellite-classified land use/cover maps (chapter 2). In Luangprabang province, multi-temporal land 
use/cover statistics shows that current forest decreased by -14.6%, while unstocked forest increased by 
14.5% from 1993 to 2007, which marks high forest degradation trend (Table 3-7). In Pakxeng district, there 
is a similar trend with Luangprabang province that current forest decreased by -19.8%, while unstocked 
forest increased by 19.7% (Table 3-8), and a rate of forest degradation is higher than that of Luangprabang 
province. 

Table 3-7  Forest cover changes in Luangprabang province 

 The results of Remote Sensing Analysis 
Louang-phabang 1993 2000 2007 1993-2000 2000-2007 1993-2007 
 % % % ha/yr % ha/yr % ha/yr % 
Current forest 64.16 58.39 49.53 -16,435 -5.77 -25,264 -8.86 -20,849 -14.63
Plantation1 0.03 0.04 0.05 32 0.01 38 0.01 35 0.02
Unstocked forest 29.96 36.76 44.51 19,395 6.81 22,088 7.75 20,742 14.56
Bamboo 0.01 0.01 0.01 0 0.00 0 0.00 0 0.00
Ray 4.53 3.28 3.90 -3,571 -1.25 1,767 0.62 -902 -0.63
Crop land 0.32 0.30 0.84 -42 -0.01 1,534 0.54 746 0.52
Plantation2 0.00 0.00 0.00 0 0.00 0 0.00 0 0.00
Grass land 0.35 0.35 0.38 11 0.00 78 0.03 44 0.03
Others 0.21 0.26 0.26 140 0.05 -2 0.00 69 0.05
Water 0.44 0.60 0.52 469 0.16 -238 -0.08 115 0.08
Total 100 100 100       

 
Table 3-8  Forest cover changes in Pakxeng district, Luangprabang province 

 The results of Remote Sensing Analysis 

Pakxeng 1993 1996 2000 2004 2007 1993-1996 1996-2000 2000-2004 2004-2007 1993-2007 

 % % % % % ha/yr % ha/yr % ha/yr % ha/yr % ha/yr % 

Current 

forest 
64.2 60.3 57.1 49.7 44.4 -3,669 -4.0 -2,204 -3.2 -5,145 -7.4 -4,885 -5.3 -3,933 -19.8

Plantation1 0.0 0.0 0.0 0.0 0.0 0 0.0 17 0.0 0 0.0 0 0.0 5 0.0

Unstocked 

forest 
30.5 35.6 39.0 46.9 50.3 4,734 5.1 2,327 3.4 5,464 7.9 3,143 3.4 3,914 19.7

Bamboo 0.0 0.0 0.0 0.0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0

Ray 4.0 3.2 2.7 2.3 3.9 -767 -0.8 -367 -0.5 -273 -0.4 1,474 1.6 -31 -0.2

Crop land 0.1 0.1 0.0 0.0 0.2 -19 0.0 -14 0.0 1 0.0 181 0.2 31 0.2

Plantation2 0.0 0.0 0.0 0.0 0.0 0 0.0 0 0.0 0 0.0 0 0.0 0 0.0

Grass land 0.9 0.5 0.7 0.7 0.7 -433 -0.5 154 0.2 46 0.1 -31 0.0 -42 -0.2

Others 0.1 0.1 0.2 0.1 0.2 47 0.1 59 0.1 -47 -0.1 51 0.1 24 0.1

Water 0.1 0.3 0.3 0.2 0.3 107 0.1 27 0.0 -45 -0.1 66 0.1 32 0.2

Total 100 100 100 100 100           
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3.3.2. Historical Trends of Forest Cover Changes in Luangprabang Province and Pakxeng 
District 

Figure 3-2 and Figure 3-3 show historical trends of forest cover changes in Luangprabang province and 
pakxeng district. For Luangprabang province, remote sensing analysis of forest cover changes was made 
for three different time periods (1993, 2000 and 2007) and a historical trend curve was established. 
However, five different time periods were adopted for Pakxeng district showing historical and projected 
CO2 emission trends in order to establish REL (reference emission level). 

Forest cover changes in Luangprabang province (Figure 3-2) indicate that current forest areas decreased, 
while unstocked forest areas increased. A similar historical trend is observed for Pakxeng districts (Figure 
3-3). However, current forest and unstocked forest changes were greater from 2004 to 2007. 

 
Figure 3-2  Historical trend of forest cover change in Luangprabang province 

 
 

 
Figure 3-3  Historical trend of forest cover change in Pakxeng district 
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3.3.3. REDD/REDD+ under BAU Scenario in Luangprabang 

The same methodology for computing crediting baseline scenarios on a trial basis used in section 3.2.3 was 
also employed in order to understand the potential of REDD/REDD+ crediting schemes in Luangprabang 
province. According to crediting baseline scenario 1, if deforestation is reduced from 570 ha or 1,075 ha 
annually in Luangprabang province, approximately 1.6-2.9 billion yen would be generated (Table 3-9). As 
noted earlier on, the calculations done here are merely hypothetical in order to illustrate crediting baselines 
under different deforestation reduction scenarios. 

Table 3-9  Hypothetical crediting baselines in Luangprabang province 

Luang- 

prabang 

Forest 

area 

Annual 

deforest

ation 

Above 

ground 

biomass 

Annual CO2

emission 

from 

deforestation

5% annual deforestation 

reduction scenario 

10% annual deforestation 

reduction scenario 

20% annual deforestation 

reduction scenario 

€ 10 € 20 € 30 € 10 € 20 € 30 € 10 € 20 € 30 

1000ha 1000ha t/ha Mt Million Yen Million Yen Million Yen 

RS Results 

(Current 

Forest) 

988.14 20.8 68.2 5.20 292.6 585.2 877.7 585.2 1,170.3 1,755.5 1,170.3 2,340.6 3,510.9

NFI 2002 

(Current 

Forest) 

256.6 11.4 68.2 2.86 160.7 321.4 482.1 321.4 642.8 964.2 642.8 1,285.6 1,928.5

Note: € 1= \112.50 
RS:  Remote sensing 
 

3.4. Simulation of Future Forest Cover Changes  
3.4.1. Background 

While REDD/REDD+ is seen as a low-cost option for mitigating climate change (Angelsen, 2008), its 
successful implementation requires the development of robust reference scenario under the 
business-as-usual (BAU) scenario. A reference scenario (under BAUS) is the projected deforestation and 
the associated emissions in the absence of a REDD/REDD+ intervention scheme (Anglesen, 2009). Several 
approaches for setting reference scenarios have been suggested, which include among others spatial and 
non-spatial modeling approaches (Terrestrial Carbon Group, 2000; Gusti et al., 2008; Brown et al., 
2007;Soares-Filho et al., 2006; Sciotti, 2000;). In this study we focus on spatial simulation models because 
they provide effective visual and quantitative information that can be used to inform stakeholders how 
different policy options can affect deforestation patterns and processes as well as carbon emissions 
(Soares-Filho et al., 2002). In addition, spatial simulation models have the potential to improve the quality 
of stakeholder negotiations on REDD/REDD+ scheme since they also provide valuable forest cover change 
information under different simulation scenarios (GOFC-GOLD 2009; Veldkamp and Lambin 2001). 
Although numerous spatial simulation models such as Markov-cellular automata (MCA) have provided 
valuable insights into forest cover change processes, particularly in the Amazon region (Teixeira et al., 
2009; Soares-Filho et al., 2006; Soares-Filho et al., 2002; Messina and Walsh, 2001), forest cover change 
dynamics are still poorly understood in South-east Asia, particularly areas under shifting cultivation 
systems in Lao PDR (Wada et al., 2007; Walsh et al., 2006). This is mainly attributed to the fact that land 
use and forest cover changes exhibit high degrees of spatial and temporal complexity in tropical areas, 
which are influenced by various underlying driving factors (Lambin et al., 2001). Therefore, it is critical to 
understand forest change processes based on the analysis and spatial simulation of forest cover changes in 
order to set robust REDD/REDD+ reference scenarios.  

During the first fiscal year (2009-2010), a pilot household survey was conducted targeting four villages 
(namely Nat Kham, Vang O, Pho and Houay Sa Ou) in Pakxeng district in order to elucidate the forest 
cover change processes. Furthermore, trial forest cover change simulations were performed at village and 
district levels. However, the pilot household survey conducted in four selected villages as well as the forest 
cover change simulations at the both village and district level highlighted significant problems. For 
example, some of the questions in the survey questionnaire instrument were not appropriate and therefore 
irrelevant. In addition, the sampling framework and the selection of the households were not properly 
conducted, leading to significant bias. As a result, forest cover change simulations at the village level using 
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the household as the basic unit of analysis did not produce satisfactory results because of the small size of 
the study area. To overcome these limitations, a household survey was conducted within 20 selected 
villages in Pakxeng district, while forest cover change simulations were conducted at the district and 
province level during the second fiscal year (2010-2011). The rationale for using the village unit is based 
on previous research from Wada et al. (2007), who revealed that land use decisions are made at the village 
level rather the individual household in Lao PDR (Wada et al., 2007).  

3.4.2. Objectives 

Against this background, the objectives of this study are to analyze and simulate future forest cover 
changes in Luangprabang province and Pakxeng district, Lao PDR using the MCA model. The “weight of 
evidence” approach was used to compute transition potential maps, while the Markov chain model was 
used to generate the transition probabilities (Soares-Filho et al., 2002). Dynamic adjustments of transition 
potential maps and transition probabilities were implemented in the cellular automata (CA) model in order 
to simulate future forest cover changes. 

3.4.3. Background Research on Land Use/Cover Change Modelling 

Land use/cover change modelling approaches are increasingly required as key components for simulating 
deforestation (Lambin, 1997), land degradation (Folly et al., 1996), and climate change (Dale, 1997). To 
date, numerous land use/cover modelling approaches have been developed and applied (Lambin, 1997; 
Kaimowitz and Angelsen, 1998). However, land use/cover models have been criticised because most of the 
phenomena being modelled are not completely understood. Therefore, the ability to model land use/cover 
changes and, ultimately, to simulate the consequences of changes, requires a good understanding of the 
major biophysical and socioeconomic driving forces (Lambin et al., 1997).  

Modelling approaches that incorporate human factors into land use and forest cover simulation have long 
been explored (Turner, 1987; Parker et al., 2003; Aspinall, 2004). Flamm and Turner (1994) tested 
stochastic simulation models to integrate socioeconomic and ecological information into a spatially explicit 
transition model of landscape change. Their simulations were designed to compare pixel-based (100 m), 
patch-based, and ownership-based transition models in order to evaluate the effects of incorporating 
differing amounts of information about the landscape into the model. Socioeconomic data were applied to 
construct transition probabilities and introduce human influences into landscape simulations. Although the 
stochastic simulation model is conceptually appealing, it was not appropriate for incorporating human 
activities because transition probabilities among land use/cover states are not constant (Boerner et al., 
1996; Weng, 2002).  Recently, multi-agent models have been developed to simulate the behaviour of 
individuals and the up-scaling of this behaviour in order to relate it to land use/cover changes (Berger, 
2001; Parker et al., 2003). 

The Markov-cellular automata (MCA) model used model in this study, is a robust approach in spatial and 
temporal dynamic modelling of land use/cover changes (Silvertown et al., 1992; Li and Reynolds, 1997). In 
Markov-cellular automata modelling, the Markov chain process controls temporal dynamics among the 
land use/cover classes through the use of transition probabilities (Turner, 1987; Silverton et al., 1992). 
Spatial dynamics are controlled by local rules determined either by the cellular automata mechanism 
(neighbourhood configuration) or by its association with the transition potential maps (Silverton et al., 
1992). It has been recognized that MCA model have great potential for modelling land use/cover changes 
(Zhou and Liebhold, 1995). The advantage of the Markov-cellular automata approach is that GIS and 
remote sensing data can be effectively incorporated (Li and Reynolds, 1997). In particular, biophysical and 
socioeconomic data can be used to define initial conditions, to parameterise the Markov-cellular automata 
model, to calculate transition probabilities and to determine the neighbourhood rules with transition 
potential maps. 

Although the potential has been discussed by Li and Reynolds (1997), multitemporal remote sensing data 
and socioeconomic data have rarely been directly incorporated into dynamic land use/cover simulation 
(Wang and Zhang, 2001). GIS spatial analysis provides support for formulating operational and practical 
land use/cover models (Wang and Zhang, 2001).  
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In light of the above discussions, future forest cover changes were simulated in order to elucidate the 
human-induced forest changes, in particular shifting cultivation. Household surveys at the village level 
were conducted to collect socioeconomic data, which was also used as input data for simulating future 
forest cover changes at the district level. 

3.4.4. Study Area 

The pilot study area, encompassing Luangprabang province and Pakxeng district, was selected because of 
the intensification of shifting cultivation. The study area is located in the northern part of Lao PDR 
(between 18o-21o N, 101o-104o E) (Figures 3-4a and b).  

 

Figure 3-4a  Selected pilot study area: Luangprabang province 
 

 

Figure 3-4b  Selected pilot study area: Pakxeng district 
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The province covering an areaof approximately 16,875 km2 is divided into 11 districts (Table 3-10), namely 
Luangprabang, Xien Nguen, Nan, Park Ou, Nambak, Ngoi, Pakxeng, Phonxay, Chomphet, Viengkham, 
and Phoukhoune (Lao Department of Statistics, 2009). 

The altitude of the study area varies approximately from 200 m to 2,257 m above sea level. According to 
the Lao Department of Statistics (2009), the highest temperatures usually occur from March to October 
with a mean maximum temperature in the range of 30.9oC-33.5oC. The study area receives approximately 
2,104 mm of rainfall. Forest cover maps produced in 2002 by the FIPD in Lao PDR show that 
Luangprabang is dominated by unstocked forest covering approximately 60% of the province, while the 
upper mixed deciduous, ray and grassland occupy about 20%, 7% and 4% of the province, respectively. 
According to the “FAO Forest Resource Assessment” report (2005), unstocked forest areas are previously 
forested areas in which crown density has been reduced to less than 20% due to logging, shifting 
cultivation or other heavy disturbance; while ray is an area where the forest has been cut and burnt for the 
temporary cultivation of rice and other crops. 

Table 3-10  Number of districts in Luangprabang province 

Name of district 
Number of Villages 

1985 1995 2000 2005 2006 2007 2008 
Luang Phabang 213 132 122 116 116 116 116 
Xien Ngeun 178 107 85 78 73 72 72 
Nan 89 82 64 56 55 55 55 
Park Ou 98 75 68 58 58 57 58 
Nambak 169 161 104 99 93 88 88 
Ngoi 162 163 115 112 112 108 107 
Pakxeng 196 113 88 64 63 61 59 
Phonxay 136 92 92 61 62 61 63 
Chomphet  87 70 68 67 67 67 
Viengkham  147 114 100 96 95 95 
Phoukhoune  48 48 43 43 41 41 
Total 1241 1207 970 855 838 821 822 

Source: Department of Planning and Investment, Luangprabang Province (2009). 
 
The total population in the province as of 2008 is approximately 431,439 inhabitants, with a population 
density of 26 inhabitants/km2, which surpasses the country population density of 25 inhabitants/km2. Due 
to increasing population density and the fact that the majority of the people in the study area are dependent 
on agriculture for their livelihood, there has been a lot of pressure on the available forestry resources. The 
major economic activity in province is mostly subsistence agriculture. According to the 2008 agriculture 
statistics, the major crops produced in the province were maize (131,510 tonnes), starchy roots (106,475 
tonnes), vegetables and beans (121,820 tonnes), rain-fed rice (48,205 tonnes), upland rice (21,820 tonnes), 
irrigated rice (9,270 tonnes), and other minor crops. 

3.4.5. Overall Methodological Framework (MCA Simulation) 

(1) Data 

Biophysical (forest cover and GIS maps) and socioeconomic data were used for simulating forest cover 
changes at both the province and district scales (Table 3-11). Forest cover maps for Pakxeng district 
(Figure 3-5) were classified from satellite imagery for 1993, 1996, 2000, 2004 and 2007 in order to analyze 
forest cover changes at shorter time intervals. For Luangprabang province, forest cover maps (Figure 3-6) 
were classified from satellite imagery for 1993, 2000 and 2007. A hybrid approach that comprises 
unsupervised classification and decision trees produced overall forest cover classification accuracy levels 
for all the dates ranging from 86% to 90% (Asia Air Survey, 2010). 

Biophysical and socioeconomic data such as roads, rivers, village (settlements) and number of people was 
obtained from the National Geographic Department (NGD) in Lao PDR, while elevation and slope was 
derived from SRTM (Shuttle Radar Topography Mission) data. However, socioeconomic data at the 
district level was collected from a household survey since this data was not available. Road, river, and 
village (settlements) data was used to generate static driving factors such as “distance to major roads”, 
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“distance to rivers” and “distance to town center” based on the euclidean distance procedures. Driving 
factors such “distance to deforested areas” were defined as dynamic because these were generated and 
updated during model iteration. Socioeconomic data such as number of people was used to produce the 
population density data. Finally, all input datasets were resampled at 90 m x 90 m spatial resolution to 
match the spatial resolution of the SRTM digital elevation (DEM) data (Figures 3-7 and 3-8). 

Table 3-11  Input data for the Markov CA model 

Data Driving Factor 
Scale 

Province District 
Biophysical Forest cover maps  

Elevation (derived from DEM) 
Distance to roads 
Distance to rivers 
Distance to town center 
Distance to deforested areas 

* 
* 
* 
* 
* 
* 

* 
* 
* 
* 
* 
* 

Socioeconomic Population density 
Labour used in the household 
Hired labour force 
Livestock ownership 
Rice produced (ton) 
Fuelwood consumed (m3) 

* 
 
 

* 
* 
* 
* 
* 
* 

 
 

 
Figure 3-5  Forest cover maps of Pakxeng district: (a) 1993; (b) 1996; (c) 2000; (d) 2004 and (e) 2007 
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Figure 3-6  Forest cover maps of Luangprabang province: (a) 1993; (b) 2000; (c) and 2007 

 
 

 

Figure 3-7  Biophysical data input for computing transition potential maps at the district level: (a) elevation; (b) 
distance to village centre; (c) distance to unpaved road and (d) distance to rivers 
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Figure 3-8  Biophysical data input for computing transition potential maps at the provincial level:  
(a) distance to major roads; (b) distance to unpaved roads; (c) distance to rivers;  

(d) distance to city centre; (e) elevation; (f) slope; (g) protected areas and (h) number of households 
 
(2) Household survey in Pakxeng district 

Since socioeconomic data is not readily available in Lao PDR, a household survey was conducted within 20 
selected villages in Pakxeng district, Luangprabang province. The household survey used a semi-structured 
questionnaire for 2000 and 2007, which corresponds to the remote sensing satellite data that were used for 
analysing land use and forest cover changes. In addition, interviews were conducted with village headmen 
and district officials in order to capture expert knowledge on land use and forest cover changes in the pilot 
study area. The rationale for using the village unit is based on previous research from Wada et al. (2007), 
who revealed that land use decisions are made at the village level rather the individual household in Lao 
PDR (Wada et al., 2007). Against this background, the purpose of the household survey was to collect 
socioeconomic data in order to gain insights into the land use and forest cover change processes in the 
Pakxeng district. 

･ Design of the household survey in Pakxeng district 

The household survey in Pakxeng district incorporated both household and community questionnaire 
instruments. The household questionnaire was designed to collect information from selected households in 
the selected villages. Appendix I, shows the topics covered by the household survey, while the complete 
household questionnaire is shown in appendix of the report. In addition, the community questionnaire 
collected village information from village headmen (Appendix of the report). The household and 
community questionnaires were translated into standard Lao language and then pretested to check for 
inconsistencies and ambiguities. Finally, the final version was prepared after a thorough revision. 

The survey targeted household heads in the selected villages within Pakxeng district. The sample frame 
included all 58 villages in Pakxeng district, which was then stratified into village clusters that falls under a 
delineated river basin. A sample of 460 households from 20 villages at 95% confidence level was selected 
using a two-stage stratified sampling procedure from a sample frame based on the 2008 Department of 
Statistics data (Lao PDR). The sample size was calculated using the following formula: 

n = NZ2 * p / [d2 * (N – 1)] + [Z2 * p] 1.1 
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Where: 
n = sample size required 
N = total population size 
d = precision level or accuracy desired (usually 0.05) 
Z = number of standard deviation units of the sampling distribution corresponding to the 

desired confidence level (see statistical tables). 
p = proportion of the total population accounted for by the target population (is not known in 

this case, therefore, we assume 0.3). 

The first stage of the sampling procedure involved the selection of villages. All 58 villages with their 
respective household population were listed in a Microsoft Excel worksheet according to a wealth ranking 
criteria that was derived from the 2008 Department of Statistics data. A random number was assigned to 
each village using the RAN() function in Microsoft Excel to randomly select a sample of 20 villages (Table 
3-12a and b). 

Table 3-12a  Selection of villages in Pakxeng district according to river basin (first stage) 

River Basin Number Village Name Rich Poor 

1 

I Hatsang * 
II Phounovan * 
III Hathit *  
IV Houaypho *  
V Houaythone * 

2 

I Hatngam *  
II Pho *  
III Poungha * 
IV Tha Thian * 
V Boumkhan *  
VI Hatchang *  
VII Pakxeng *  
VIII Nong * 

3 

I Bomphaseng *  
II Vangphon * 
III Hattun * 
IV Hatyen * 
V Phonthong *  
VI Natkham *  

4 I Namai * 
 

Table 3-12b  Population characteristics of the selected Villages in Pakxeng district as of November 2010 

Selected village Total population Total no. of households 
Bomphaseng 562 95
Vangphom 237 23
Hattun 298 55
Nong 543 89
Bouamkok 490 82
Hatchang 243 53
Tha Thian 511 82
Hatyen 220 40
Natkham 556 90
Phonthong 540 77
Pho 216 47
Poungha 224 41
Pakxeng 1154 230
Houathyone 921 150
Houaypho 371 59
Phounovan 128 20
Hathit 241 52
Hatsang 243 44
Namai 305 47
Hatgnam 321 54
Total 8324 1430
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The second stage involved the collection of a household profile register by the District Agriculture and 
Forestry Office (DAFO) in Pakxeng district. Households were classified as rich, medium, poor, and very 
poor according to the following criteria defined by the District Agriculture and Forestry Office (DAFO): 

a) Rich - villagers who earn more than 240,000 kip per month; 
b) Medium - villagers who earn between 180,000 to 239,000 kip per month; 
c) Poor - villagers who earn between 179,000 to 150,000 kip per month; and 
d) Very poor - villagers who earn less that 150,000 kip per month. 

After that procedure, a stratified random sample of 23 representative households was selected from each 
village that has been selected in the first stage using the wealth ranking criteria described above (Table 
3-13). Semi-structured interviews examined the demography, livestock ownership, agriculture production, 
and fuelwood consumption of the selected households. Key informants (officials, village elders, etc.) were 
also interviewed about the villages’ history; in particular about changes in land tenure, and agricultural and 
forestry practices over the last 10 years.  

Table 3-13  Distribution of sampled households according to wealth 

Village Name 
No. of Sampled 

Household 
Wealth Ranking 

Rich Medium Poor Very Poor 
Bomphaseng 23 5 6 6 6 
Vangphom 23 0 0 19 4 
Hattun 23 0 8 9 6 
Nong 23 2 7 7 7 
Bouamkok 23 0 11 8 4 
Hatchang 23 4 10 9 0 
Tha Thian 23 0 8 7 8 
Hatyen 23 0 5 9 9 
Natkham 23 7 8 8 0 
Phonthong  23 0 7 9 7 
Pho  23 5 8 8 2 
Poungha 23 0 8 8 7 
Pakxeng  26 8 9 9 0 
Houaythone 23 0 8 9 6 
Houaypho 23 2 8 8 5 
Phounovan 19 0 19 0 0 
Hathit 23 4 14 5 0 
Hatsang 23 0 10 11 2 
Namai 23 7 8 8 0 
Hatgnam 24 0 8 8 8 

 
(3) Implementation of the MCA model  

The MCA model was implemented at both the province (Luangprabang province) and district levels 
(Pakxeng district). Although the datasets for computing transition potential maps are different at the 
provincial and district level (Appendix II), the same MCA methodology (Figure 3-9) was used for 
simulating forest cover changes in both study areas. The sub-section below (model calibration) describes 
the general procedure for calibrating the MCA model at both the province and district level. 
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Figure 3-9  Markov-cellular automata (MCA) modelling framework 
 
･ Model calibration 

Firstly, transition potential maps that represent the likelihood or the probability that the landscape would 
change from one forest cover class to another were generated using the “weights of evidence” algorithm in 
Dinamica EGO (UFMG 2009; De Almeida 2005; Agterberg and Cheng 2002; Soares et al., 2001; 
Bonham-Carter 1994; Bonham-Carter 1988). The “weights of evidence” algorithm uses Bayes theorem of 
conditional probability to compute transition potential maps for each forest cover transition (e.g., current 
forest to unstocked forest) based on the statistical relationship between landscape determinants of forest 
cover change such as elevation and distance measures. Since the basic assumption for the “weights of 
evidence” is that variables must be spatially independent, we tested the spatial independence of the driving 
factors using the Crammer coefficient (V). Results indicated that elevation, distance to major roads, 
distance to rivers, distance to town center and population density have values lower than the empirical 
threshold of 0.5 (V is less than 0.5) and thus are spatially independent (Teixeira et al., 2009; De Almeida et 
al., 2005). Slope was not used in the final computation of the transition potential maps since it had a 
Crammer coefficient (V) more than 0.5, which shows that it is highly correlated with other variables.  

Following the computation of transition potential maps, transition probabilities between the forest cover 
maps (e.g., 1993-1996) were calculated using the Markov chain analysis (Weng 2002). Although the 
Markov chain analysis depends on many assumptions such as the stationarity of the transition matrix (that 
is temporal homogeneity), they give the direction and magnitude of change that is of potential use for 
simulating forest cover changes.  

(4) Simulation run 

The following three datasets; (1) the 1993 forest cover base map, (2) the transition potential maps, and (3) 
the 1993-2000 transition matrix were used to simulate forest cover map for 2007 based on the cellular 
automata (CA) model in Dinamica EGO. This CA model employs an Expander transition function to 
expand or contract previous forest class patches, while the Patcher transition function is used to form new 
patches through a seeding mechanism (Soares-Filho et al., 2002). The two complementary functions (that 
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is, the Expander and Patcher) consist of mean patch size (MPS), patch size variance (VAR) and isometry 
(ISO) parameters, which can be changed to produce various spatial patterns of forest cover changes. For 
example, an increase in mean patch size results in a less-fragmented landscape, while an increase in the 
patch size variance results in a more diverse landscape. Isometry is a number that varies from 0 to 2 and 
thus, an isometry greater than one result in more isometric (equal) patches (UFMG 2009). The model was 
calibrated by changing the internal parameters of the Expander and Patcher transition functions. The mean 
patch size and variance were computed from the original forest cover map using FRAGSTATS 3.3 
(McGarigal et al., 2002), while the isometry was determined through trial and error (Table 3-14). Finally, 
MCA model iterations were specified according to the differences between the forest cover maps (e.g. in 
the case of Luangprabang a 7 year iteration for the 1993-2000 period). 

Table 3-14  Parameters for the Expander and Patcher transition functions 

 MPS VAR ISO 
Current forest 15 30 1.0 
Unstocked forest 9 20 0.5 
Non-forest 3 5 0.1 
Note: MPS – mean patch size; VAR – variance; ISO – isometry 

 
(5) Scenario modeling 

A scenario-driven MCA model was used to simulate future forest cover changes under the following three 
scenarios in order to evaluate the implications of possible future forest cover changes:  

(i) Business-as-usual (BAU) scenario - forest cover change simulations under the current socio-economic 
conditions; 

(ii) Pessimistic scenario (PS) or worst case scenario - forest cover change simulations under a scenario of 
rapid deforestation due to increased infrastructure developments such as paved roads and dam 
construction;  

(iii) Optimistic scenario (OS) - forest cover change simulations under strict adherence to the forestry law 
and forest management (no deforestation in protected forest areas).  

The BAU scenario, which was used as a baseline for comparison assumed that the observed historical 
trends observed would continue in the future. Thus, this scenario used annual transition probabilities as 
well as biophysical and socioeconomic factors such elevation, distance to major roads, distance to rivers, 
distance to town center and population density to compute transition potential maps. For the pessimistic 
scenario, we assumed that the current unpaved roads would have been upgraded to paved roads, while the 
proposed dams would have been constructed. Therefore, additional driving factors such as distance to 
secondary paved roads, which are assumed to have been upgraded from the unpaved roads and reservoirs 
were included for computing transition potential maps under the pessimistic scenario. In addition, we 
modified the transition probability matrices in order to increase deforestation rates. Consequently, the 
pessimistic scenario would induce a further reduction in current forest areas given the increased 
accessibility brought by the infrastructure developments (such as paved roads and dams) as well as 
modification of the transition probabilities. Under the optimistic scenario (OS), the protected forest area 
GIS coverage was used as a constraint to deforestation (for protecting current forest areas). In addition, the 
transition probability matrices were modified by decreasing the transition probabilities from current forest 
to unstocked, and from current forest to non-forest. Datasets for simulating future forest cover changes 
under the BAU, pessimistic, and optimistic scenario for Pakxeng district and Luangprabang province are 
shown in appendix II (a and b). 

3.4.6. Results and Discussions 

(1) Integration of household survey data and GIS at the district level  

The collected household survey data was stored in MS Excel spread sheet. Table 3-15, shows a summary of 
the descriptive statistics of the selected villages. Because of the retrospective nature of the collected 
household data, descriptive statistical analyses were performed in order to check for discrepancies. 
Collected household survey data such as “number of cattle”, “number of buffaloes”, “productive assets”, 
and “sales of forest and non-forest timber products” were found with some discrepancies and thus were not 
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used for the calibration of transition potential maps. The selected socioeconomic variables collected at the 
household level for 2000 and 2007 such as “household size”, “labour from the household”, “hired labour”, 
“quantity of rice produced”, “number of pigs”, and “fuelwood consumption” (appendix III), were coded 
into a geodatabase. 

Table 3-15  Summary of descriptive statistics of the sampled households in the selected villages  
(Pakxeng District) for 2000 and 2007 

Variable 
 2007 2000 

Obs Mean Min Max Mean Min Max 
Household size 460 5 1.0 13 4 0.0 14 
Labour from the household 460 2 0.0 9 2 0.0 11 
Hired labour force 460 4 0.0 150 3 0.0 69 
Number of pigs 460 4 0.0 50 4 0.0 60 
Quantity of rice produced (in kgs) 460 901 0.0 2800 879 0.0 4200
Consumption of fuelwood (in m3) 460 6 1.3 23 5 0.0 18 

 
Since biophysical data derived from remote sensing classifications and GIS represents space as a 
continuous surface summarized at the pixel level, socioeconomic data derived from the household survey 
data also required a transformation of space whereby a polygon representation is used to denote the pattern 
and variability of landscape conditions associated with discrete village boundaries (Entwisle et al., 1998). 
However, village boundaries are not available in Pakxeng district. As an alternative, village point location 
data obtained from the National Geographic Department (NGD) was used to create village boundaries in 
Pakxeng district based on delineated river basin boundaries and Thiessen polygons (Muller and Zeller, 
2002). The created village boundary layer was linked to the household survey geodatabase in ArcGIS 9.3. 
Then choropleth maps for each of the selected socioeconomic variable were generated (Campbell, 1984; 
ESRI, 1986). Finally, each socioeconomic variable was rasterised and resampled to 90 x 90 m spatial 
resolution (Figures 3-10a-d). 

 
Figure 3-10  Example of socioeconomic data: (a) “rice production in 2000”; (b) “rice production in 2007”;(c) 

“fuelwood consumption in 2000”; and (d) “fuelwood consumption in 2007” 
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(2) Simulated future forest cover changes at the district level 

･ Analysis of forest cover changes and transition probabilities at the district level 

Results show that current forest and unstocked forest areas were dominant in the study area (Figures 3-5 
and 3-11). From 1993 to 1996, unstocked forest areas increased from 554 km2 to 602 km2, while current 
forest decreased from 989 km2 to 965 km2. Generally, non-forest areas decreased slightly from 86 km2 to 63 
km2. However, from 1996 to 2000 unstocked forest areas increased from 602 km2 to 757 km2, whereas 
current forest decreased from 965 km2 to 814 km2. In addition, non-forest areas decreased slightly from 63 
km2 to 57 km2 during the same period (1996 and 2000). 

 
Figure 3-11  Areas of forest cover classes in Pakxeng district 

 
Further analysis revealed that unstocked forest areas increased from 757 km2 to 805 km2, while current 
forest decreased from 814 km2 to 772 km2 between 2000 and 2004. On the other hand non-forest areas 
decreased slightly from 57 km2 to 53 km2. During the 2004 to 2007 period, unstocked forest areas increased 
from 805 km2 to 883 km2, whereas current forest decreased from 772 km2 to 668 km2. In contrast to the 
previous periods (1993-1996; 1996-2000; 2000-2004), non-forest areas increased slightly from 53 km2 to 
77 km2 between 2004 and 2007.  

Table 3-16 shows that “current forest to unstocked forest” and “unstocked forest to current forest” were the 
major forest cover changes in Pakxeng district between 1993 and 2007. The high rate of “current forest to 
unstocked forest” changes compared to the low rate of “unstocked forest to current forest” changes for the 
1993-1996 and 1996-2000 periods indicate significant loss of current forests (Figure 3-12). However, 
between 2000 and 2004, the “unstocked forest to current forest” change rate was higher than the “current 
forest to unstocked forest” rate, which shows that more regrowth occurred in the study area. On the 
contrary, the 2004-2007 period was characterized by high decline in current forest areas given the high 
“current forest to unstocked forest” change on one hand and a low “unstocked forest to current forest” 
change on the other. Figure 3-12 shows that rapid forest cover changes occurred during the 2004-2007 
period. 

Table 3-16  Forest cover changes (km2) 

Forest cover class 1993-1996 1996-2000 2000-2004 2004-2007 
Current forest to unstocked forest 196 239 181 398 
Current forest to non-forest 25 28 24 40 
Unstocked forest to current forest 137 181 239 133 
Unstocked forest to non-forest 15 17 25 26 
Non-forest to current forest 34 24 28 17 
Non-forest to unstocked forest 31 25 17 32 
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Spatial analysis of the forest cover changes reveals a relatively similar pattern for the 1993-1996, 
1996-2000 and 2000-2004 periods, particularly for the “current forest to unstocked forest” changes (Figure 
3-12a). Although the “current forest to unstocked forest” changes are scattered within Pakxeng district, 
most of the “current forest to unstocked forest” changes are mainly concentrated in the north-western, 
eastern and southern parts of the study area. However, from 2004 to 2007, there is an intensification of the 
“current forest to unstocked forest” changes in the north-western, eastern and southern parts of the study 
area (Figure 3-12a). These forest cover changes coincide with the construction of a bridge near the district 
centre during the same period (Figure 3-4b). 

 
Figure 3-12a  Forest cover changes in Pakxeng district 

 
Tables 3-17a-c show the forest cover transition probabilities between 1993 and 2004, calculated on the 
basis of the frequency distribution of the observations. The diagonal of the transition probability represents 
the self-replacement probabilities, that is the probability of a forest cover class remaining the same (shown 
in bold in table 3-17a-c), whereas the off-diagonal values indicate the probability of a change occurring 
from one forest cover class to another. The self-replacement probabilities for the current forest and 
unstocked forest classes were above 50%, while the self-replacement probability for non-forest class was 
lower than 50% during the 1993-1996 and 1996-2000 periods (Tables 3-17a-c). However, the 
self-replacement probabilities for the unstocked forest class was above 50%, while the self-replacement 
probabilities for current forest and non-forest classes were lower than 50% between 2000 and 2004, which 
suggests changes in the forest cover dynamics. 
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Figure 3-12b  Improved unpaved road (in black) overlaid on the forest cover change map  
between 2004 and 2007 in Pakxeng district 

 
In general, the transition probabilities from current forest to unstocked forest were higher than the transition 
probabilities from unstocked forest to current forest over the three time periods (Tables 3-17a-c). For 
example, the transition probability from current forest to unstocked forest was 23%, whereas the transition 
probability from unstocked forest to current was 14% between 1993 and 1996. This implies that more 
deforestation than regrowth will continue in the future. On the contrary, the transition probabilities from 
both current and unstocked forest to non-forest were less than 10% over the three time periods. However, 
the transition probabilities from non-forest to both the unstocked forest and current forest classes were 
high. For instance, the transition probabilities from non-forest to unstocked forest were over 50% over the 
three time periods (Tables 3-17a-c), which suggests that under the current conditions, non-forest areas will 
decrease in the future. Please note that forest cover transition probabilities under the pessimistic and 
optimistic scenarios are shown in appendix IV. 

Table 3-17a  Forest cover changes transition probabilities (1993-1996) under BAU scenario 

  1996 
  Current forest Unstocked forest Non-forest 
 Current forest 0.75 0.23 0.02 

1993 Uustocked forest 0.14 0.83 0.03 
 Non-forest 0.16 0.52 0.32 

 
Table 3-17b  Forest cover changes transition probabilities (1996-2000) BAU scenario 

  2000 
  Current forest Unstocked forest Non-forest 
 Current forest 0.64 0.34 0.02 

1996 Uustocked forest 0.20 0.77 0.03 
 Non-forest 0.18 0.63 0.19 
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Table 3-17c  Forest cover changes transition probabilities (2000-2004) BAU scenario. 

  2004 
  Current forest Unstocked forest Non-forest 
 Current forest 0.49 0.49 0.02 

2000 Uustocked forest 0.17 0.79 0.04 
 Non-forest 0.09 0.68 0.23 

 
Transition potential maps such as “current forest to unstocked forest”, “current forest to non-forest”, and 
“unstocked forest to non-forest” were computed using the “weights of evidence” algorithm (Figures 3-13 
a-d). The transition potential maps represent the likelihood that the landscape would change from one forest 
cover class to another. While the transition potential maps were not validated statistically, visual analysis 
revealed relatively good calibration. Therefore, the transition potential maps can be used as a viable input 
for the MCA model. Visual analysis of the “current forest to unstocked forest” and “unstocked forest to 
non-forest” transition potential maps reveals that high deforestation propensity is influenced by distance to 
unpaved roads and rivers (Figures 3-7 and 3-13). This is consistent with the results from the “weight of 
evidence” analysis, which indicate that current forest losses (change from current forest to unstocked forest 
and non-forest) is largely influenced by distance to unpaved roads and rivers within a 1000 m buffer zone. 
Nevertheless, the change from the current forest to non-forest appears to follow areas related to agricultural 
activities (e.g., rice production). 

 
Figure 3-13  Transition potential maps: (a) “current forest to unstocked forest”, (b) “current forest to 

non-forest”, (c) “unstocked forest to current forest”, and (d) “unstocked forest to non-forest” (BAU scenario) 
 
･ Model validation 

For model validation, we compared the simulated forest cover maps for 2007 with the actual 
satellite-derived forest cover map for 2007. Visual analysis of the simulated forest cover map in 2007 
revealed that the MCA model simulated unstocked forest areas relatively well (Figure 3-14a). However, 
statistical analysis shows that unstocked forest and current forest classes have the best agreement in terms 
of quantity (Figure 3-14b). For example, the actual unstocked forest class was 883 km2, while the 
corresponding simulated class was 884 km2. On the other hand, the current forest class was 668 km2, while 
the corresponding simulated class was 679 km2. The observed non-forest class was 77 km2 compared to the 
corresponding simulated forest class, which was 63 km2. While location was slightly underpredicted 
(Figure 3-14a), the MCA’s overall simulation success was 0.73, which is sufficient for simulating future 
forest cover changes at the district level.  
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Figure 3-14a  Actual versus simulated forest cover maps (2007) 

 
The simulated forest cover map revealed that location was underpredicted, particularly for the non-forest 
class (Figure 3-14a). This is attributed to a number of factors. First, the MCA model applied in Pakxeng 
district assumed that land use and forest cover transitions are linear and spatially dependent (that is a new 
forest/non-forest class is predicted near locations where that class already exists). However, forest cover 
change analysis in the study area (Figure 3-12a) show that forest cover changes are non-linear, and do not 
generally grow from existing forest/non-forest patches, particularly between 2004 and 2007. Consequently, 
the MCA model underpredicts the location of new patches that are not connected to existing patches 
(Pontius and Malanson, 2005). Second, the “weights of evidence” algorithm used the same “distance to 
unpaved secondary roads” parameter for calibrating the transition potential maps (for 1993-1996, 
1996-2000 and 2000-2004) given the lack of updated road data. As a result, the effect of new constructed 
unpaved roads was not inluded during the calibration phase under the BAU scenario, which also increases 
locational inaccuracy. Finally, lack of GIS data such as soil maps and other less quantifiable factors such as 
government policy on logging concession were not included, thus reducing the model’s predictive power. 
Despite these limitations, the MCA’s overall simulation success was 0.73, which is relatively good for 
simulating future forest cover changes at the district level. 

 

Figure 3-14b  Statistics for the actual versus simulated forest cover maps (2007) 
 
･ Simulated future forest cover changes under different scenarios 

Based on the successful calibration and validation of the MCA model (for 2007), we simulated future forest 
cover changes up to 2013 under the BAU, pessimistic and optimistic scenarios. Under the BAU scenario, 
the MCA model simulations projected that current forest areas would decrease to 474 km2 in 2013, while 
unstocked forest areas would increase substantially to 1,101 km2 (Figures 3-15a and b). In addition, 
non-forest areas would decrease to 42 km2 in 2013 (Figures 3-15a and b). The spatial distribution of the 
simulated forest cover changes implies that in the future, deforestation will be concentrated mainly to the 
north-western, eastern and southern parts of the study area. This pattern of simulated forest cover changes 
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is consistent with the observed forest cover changes (Figure 3-12), which demonstrates the dominance of 
the “current forest to unstocked forest” change. 

 
Figure 3-15a  Simulated future forest cover changes under the BAU scenario 

 
 

 
Figure 3-15b  Simulated future forest cover changes under the BAU scenario (statistics) 

 
Under the pessimistic scenario, the MCA model simulations projected that current forest areas would 
decrease significantly to 335 km2 in 2013, while unstocked forest areas would increase significantly to 
1,187 km2 (Figures 3-16a and b). In addition, non-forest areas would increase substantially to 95 km2 in 
2013 (Figures 3-16a and b). The rapid decline in current forest areas on one hand and the increase in 
unstocked forest and non-forest areas on the other hand imply severe deforestation in the future. It is 
important to note that deforestation also follows the same pattern as in the BAU scenario. In addition, the 
areas where the proposed dams will be constructed have significantly high deforestation. While the 
pessimistic scenario considered data such as distance to secondary unpaved roads and constructed dams, 
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the simulated future forest cover changes are quite conservative because they do not consider both legal 
and illegal forest logging directly in the model. 

 

Figure 3-16a  Simulated future forest cover changes under the pessimistic scenario 
 
 

 

Figure 3-16b  Simulated future forest cover changes under the pessimistic scenario (statistics) 
 
Under the optimistic scenario, the MCA model simulations projected an increase in current forest areas 
(approximately 1,143 km2 in 2013), while unstocked forest areas would decrease substantially to 425 km2 

(Figures 3-17a and b). However, non-forest areas would decrease significantly to 50 km2 in 2013 (Figures 
3-17a and b). The MCA forest cover change simulations resulted in the decline of deforestation since the 
protected forest areas were used as a constraint to deforestation. 
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Figure 3-17a  Simulated future forest cover changes under the optimistic scenario 

 
 

 
Figure 3-17b  Simulated future forest cover changes under the optimistic scenario (statistics) 

 
The spatial distributions of the simulated forest cover changes under the BAU, and pessimistic scenarios 
indicate that deforestation will be concentrated mainly to the north-western, eastern and southern parts of 
the study area in the future (Figures 3-15a and 3-16a). Although the “current forest to unstocked forest” 
transition potential maps show that the distance to unpaved roads and rivers influence forest cover changes, 
future deforestation appears to spread in areas without unpaved roads and rivers but near the remaining 
forest areas (e.g., areas in north-western part of the district). It should be noted that our analysis considers 
only currently existing roads under the BAU scenario. Therefore, future deforestation would eventually 
increase if paved roads were constructed, particularly in regions that have poor access.  

･ Summary 

The MCA model successfully simulated future forest cover changes under the BAU, pessimistic and 
optimistic scenarios in Pakxeng district. The base forest cover map (1993), the “1993 to 1996” “1996 to 
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2000” “2000 to 2004”transition probabilities and the transition potential maps were first used to simulate 
forest cover changes up to 2007. The simulated forest cover map (2007) was compared to the actual forest 
cover map (2007) in order to test the accuracy of the Markov-cellular automata (MCA) model. Visual and 
statistical analyses revealed that unstocked forest class was relatively well simulated, while the non-forest 
class was slightly underpredicted. Generally, the model’s overall simulation success was 0.73, which is 
quite good for simulating future forest cover changes at the district level. 

Following the successful calibration and validation of the MCA model, future forest cover changes were 
simulated (up to 2013) under the BAU, pessimistic and optimistic scenarios. The MCA simulations under 
BAU scenario indicated that the current forest cover change trends such as the decrease in current forest 
areas and the increase in unstocked forest areas would continue to persist in the study area. Furthermore, 
the MCA simulations under pessimistic scenario revealed a rapid decrease in current forest areas and 
substantial increases in unstocked forest areas, which implies severe deforestation in the future. More 
importantly, an alternative modelling under the optimistic scenario projected that deforestation will 
decrease substantially if strict forestry laws enforcing conservation in protected forest areas are 
implemented. Therefore, this study constitutes an important contribution to the REDD/REDD+ activities. 
For example, the analysis and spatial simulation models of forest cover change scenarios in Pakxeng 
district could provide a useful case study for REDD/REDD+ preparedness activities at the project level. 

(3) Simulated future forest cover changes at the province level  

･ Analysis of forest cover changes and transition probabilities at the province level 

Results show that current forest and unstocked forest areas were the dominant cover classes in the study 
area (Figures 3-6 and 3-18). From 1993 to 2000, unstocked forest areas increased substantially from 5,975 
km2 to 8,003 km2, while current forest decreased from 12,803 km2 to 10,987 km2. Generally, non-forest 
areas decreased slightly from 1,172 km2 to 961 km2. However, from 2000 to 2007 unstocked forest areas 
increased from 8,003 km2 to 9,043 km2, whereas current forest decreased from 10,987 km2 to 9,727 km2. In 
contrast to the 1993-2000 period, non-forest areas increased slightly from 961 km2 to 1,181 km2 between 
2000 and 2007. 

 
Figure 3-18  Areas of forest cover classes in Luangprabang province 

 
Table 3-18 shows that “current forest to unstocked forest”, “non-forest to unstocked forest”, “unstocked 
forest to non-forest” and “current forest to non-forest” were the major forest cover changes in 
Luangprabang province between 1993 and 2000. The high rate of “current forest to unstocked forest” 
changes compared to the low rate of “unstocked to current forest” changes between 1993 and 2000 indicate 
significant loss of current forests (that is high deforestation). However, the “unstocked forest to non-forest” 
changes are less that the “non-forest to unstocked forest” changes, which shows that substantial regrowth 
occurred in the study area. This is partly attributed to the regrowth of unstocked forest during the shifting 
cultivation cycle, whereby agriculture fields are left to recover soil fertility. 
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The major forest cover changes between 2000 and 2007 were “current forest to unstocked forest”, 
“unstocked forest to current forest”, “non-forest to unstocked forest”, “unstocked forest to non-forest” and 
“current forest to non-forest” (Table 3-18). While the “current forest to unstocked forest” changes increased 
during the 2000-2007 period, “unstocked forest to current forest” changes also increased substantially as 
compared to the 1993-2000 period. Consequently, the 2000-2007 period was characterized by lower net 
deforestation given the high forest regrowth (unstocked forest to current forest changes was about 1,159 
km2). In general, forest cover change analyses revealed high rate of deforestation between 1993 and 2000 
and lower deforestation rate between 2000 and 2007. 

Table 3-18  Forest cover changes in km2 (1993-2000 and 2000-2007) 

Forest cover class 1993-2000 2000-2007 
Current forest to unstocked forest 1619 2179 
Current forest to non-forest 299 277 
Unstocked forest to current forest 48 1159 
Unstocked forest to non-forest 313 573 
Non-forest to current forest 54 37 
Non-forest to unstocked forest 768 593 

 
Table 3-19 shows the forest cover transition probabilities between 1993 and 2000, calculated on the basis 
of the frequency distribution of the observations. The diagonal of the transition probability represents the 
self-replacement probabilities, that is the probability of a forest cover class remaining the same (shown in 
bold in Table 3-19), whereas the off-diagonal values indicate the probability of a change occurring from 
one forest cover class to another. The self-replacement probabilities for the current forest and unstocked 
forest classes were above 50%, while the self-replacement probability for non-forest class was low (30%), 
suggesting that the latter was not stable (Table 3-19). The transition probability from current forest to 
unstocked forest was 13%, whereas the transition probability from unstocked forest to current was 1%, 
which implies continued loss of current forest areas (that is deforestation) in the future. In contrast, the 
transition probability from current forest to non-forest was low (2%). However, the transition probability 
from non-forest to current forest increased to 5%, which suggest low regrowth in the future. It is interesting 
to note that the transition probability from unstocked forest to non-forest was low (5%), whereas the 
transition probability from non-forest to unstocked forest was high (66%). This implies that there will be 
substantial regrowth of the unstocked forest in the future. Please note that forest cover transition 
probabilities under the pessimistic and optimistic scenarios are shown in appendix V. 

Table 3-19  Forest cover changes transition probabilities (1993-2000) under the BAU scenario 

  2000 
  Current forest Unstocked forest Non-forest 
 Current forest 0.85 0.13 0.02 

1993 Unstocked forest 0.01 0.94 0.05 
 Non-forest 0.05 0.66 0.30 

 
It should be noted that key assumptions that must be satisfied if a Markov modeling approach is to be 
considered meaningful such as independence, and stationarity (homogeneity) were not tested during the 
trial simulations because only two time periods were used (that is forest cover maps for 1993 and 2000). 
However, the forest cover transition probability results can be used as a valid input in the MCA model 
because of its trend simulation capabilities, which indicate the direction and magnitude of the forest cover 
change process (Weng, 2002). 

The transition potential maps for “current forest to unstocked forest”, “current forest to non-forest”, and 
“unstocked forest to non-forest” transition potential maps were not validated statistically (Figures 3-19 a-c). 
However, visual analysis revealed relatively good calibration for all the transition potential maps. 
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Figure 3-19  Transition potential maps: (a) “current forest to unstocked forest”,  
(b) “unstocked forest to non-forest”, and (c) “current forest to non-forest” 

 
･ Model validation 

For model validation, we compared the simulated forest cover maps for 2007 with the actual 
satellite-derived forest cover map for 2007. Visual analysis of the simulated forest cover map in 2007 
revealed that the MCA model simulated the current forest and unstocked forest areas relatively well (Figure 
3-20a). The best agreement is shown in the unstocked forest and current forest classes (Figure 3-20b). For 
example, the actual unstocked forest class is 9,043 km2, while the corresponding simulated class is 9,194 
km2. On the other hand, the current forest class was 9,727 km2, while the corresponding simulated class 
was 9,841 km2. This is because current forest and unstocked forest areas occupies the highest proportion of 
area in the province, which also suggests that the model’s simulation accuracy increases with the 
proportion of a given forest cover class. While the non-forest class was slightly underpredicted (actual class 
is 1,180 km2 compared to the corresponding simulated 914 km2), the MCA’s overall simulation success 
was 0.8, which is relatively sufficient for simulating future forest cover changes.  
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Figure 3-20a  Simulated versus actual forest cover maps (2007) 

 

 
Figure 3-20b  Statistics for the simulated versus forest cover maps (2007) 

 
･ Simulated future forest cover changes under different scenarios 

Based on the successful calibration and validation of the MCA model (for 2007), we simulated future forest 
cover changes up to 2014 under the BAU, pessimistic and optimistic scenarios. Under the BAU scenario, 
the MCA model simulations projected that current forest areas would decrease to 8,811 km2 in 2014, while 
unstocked forest areas would increase substantially to 10,279 km2 over the same period (Figures 3-21a and 
b). In addition, non-forest areas would decrease to 860 km2 in 2014 (Figures 3-21a and b). Taking into 
consideration the increasing population (Wada et al., 2009), the simulated forest cover changes indicates 
increasing pressure on forest resources in Luangprabang province, which potentially threatens rural 
livelihoods. In the BAU scenario, deforestation is mainly concentrated near Luangprabang city as well as 
along the major roads and rivers where the majority of people live. 

Under the pessimistic scenario, the MCA model simulations projected that current forest areas would 
decrease significantly to 6,851 km2 in 2014, while unstocked forest areas would increase significantly to 
10,164 km2 over the same period (Figures 3-22a and b). In addition, non-forest areas would increase 
substantially to 2,939 km2 in 2014 (Figures 3-22a and b). The rapid decline in current forest areas on one 
hand and the increase in unstocked forest and non-forest areas on the other hand imply severe deforestation 
in the future. It is important to note that deforestation is mainly concentrated near Luangprabang city as 
well as along the secondary paved roads. In addition, the areas where the proposed dams will be 
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constructed have significantly high deforestation. While the pessimistic scenario considered data such as 
“distance to secondary paved roads” and constructed dams, the simulated future forest cover changes are 
quite conservative because they do not consider illegal forest logging directly in the model. 

Under the optimistic scenario, the MCA model simulations projected a slight increase in current forest 
areas (approximately 11,112 km2 in 2014), while unstocked forest areas would also decrease moderately to 
8,542 km2 over the same period (Figures 3-23a and b). However, non-forest areas would decrease 
significantly to 297 km2 in 2014 (Figures 3-23a and b). The MCA forest cover change simulations resulted 
in the decline of deforestation since the protected forest areas were used as a constraint to deforestation. 

 
Figure 3-21a  Simulated future forest cover changes under the BAU scenario 

 

 
Figure 3-21b  Simulated future forest cover changes under the BAU scenario (statistics) 
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Figure 3-22a  Simulated future forest cover changes under the pessimistic scenario 

 

 

 

Figure 3-22b  Simulated future forest cover changes under the pessimistic scenario (statistics) 
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Figure 3-23a  Simulated future forest cover changes under the optimistic scenario 

 
 

 
Figure 3-23b  Simulated future forest cover changes under the optimistic scenario (statistics) 

 
In the BAU and pessimistic scenarios, future deforestation is mainly concentrated near Luangprabang city, 
major roads, the improved unpaved roads, rivers and areas near the proposed dam construction sites. 
However, our analysis considers only existing roads as well as planned infrastructure development projects 
such as dam construction. Therefore, future deforestation would eventually increase if additional paved 
roads were constructed into accessible regions (e.g., in the eastern part of the study area).  
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･ Summary 

The MCA model simulated future forest cover changes under the BAU, pessimistic and optimistic 
scenarios in Luangprabang province. The base forest cover map (1993), the “1993 to 2000” transition 
probabilities and the transition potential maps were used as inputs to simulate forest cover changes up to 
2007. The simulated forest cover map (2007) was compared to the actual forest cover map (2007) in order 
to test the accuracy of the Markov-cellular automata (MCA) model. Visual and statistical analyses revealed 
that current forest and unstocked forest classes were relatively well simulated, while the non-forest class 
was slightly underpredicted simulated. Generally, the model’s overall simulation success was 0.8, which is 
relatively good for simulating future forest cover changes.  

Following the successful calibration of the MCA model, future forest cover changes were simulated (up to 
2014) under the BAU, pessimistic and optimistic scenarios. The MCA simulations under BAU scenario 
indicated that the current forest cover change trends such as the decrease in current forest areas and the 
increase in unstocked forest areas would continue to persist in the study area. Furthermore, the MCA 
simulations under pessimistic scenario revealed a rapid decrease in current forest areas and substantial 
increases in unstocked forest areas, which implies severe deforestation in the future. Since forest resources 
provide life-sustaining products such as food, medicines and fuelwood, the BAU and pessimistic scenarios 
are important because they indicate plausible future forest cover changes in the study area.  

3.5. Conclusion 
Taking Luangprabang province and Pakxeng district as pilot study areas, the objective of this study was to 
simulate future forest cover changes under the BAU, pessimistic and optimistic scenarios based on the 
Markov-cellular automata (MCA) model. In order to accomplish this objective, two main areas were 
covered; (1) conducting household surveys at the district level, and (2) simulating future forest cover 
changes at the district and provincial levels.  

For the district level forest cover simulations, the base forest cover map (1993), the “1993 to 1996”, “1996 
to 2000”, “2000 to 2004” transition probability matrices and transition potential maps were used to 
simulate forest cover changes up to 2007. Visual and statistical analyses revealed that the MCA model was 
relatively sufficient at simulating forest cover changes at the district level as shown by the model’s overall 
simulation accuracy of 0.73. Nonetheless, the overall simulation accuracy indicates that the model can be 
used to simulate future forest cover changes. For the provincial level forest cover simulations, the base 
forest cover map (1993), the “1993 to 2000”, transition probability matrix and transition potential maps 
were used to simulate forest cover changes up to 2007. Visual and statistical analyses revealed a significant 
improvement in the model’s overall accuracy at the province level as shown by the overall simulation 
success of 0.8.  

Following the successful calibration of the MCA model, future forest cover changes were simulated (up to 
2014) under the BAU, pessimistic and optimistic scenarios. The MCA simulations under BAU and 
pessimistic scenarios indicated that the current forest cover change trends such as the decrease in current 
forest areas and the increase in unstocked forest areas would continue to persist in the study area in the 
future. Conversely, an alternative modelling approach under the optimistic scenario projected that current 
forest areas would increase if strict forestry laws enforcing conservation of protected forest areas are 
implemented. Despite some degree of uncertainty, the three simulation scenarios provide a very good case 
study for simulating future forest cover changes at both the project and subnational levels. 

Modelling approaches based on the MCA model are important because simulating future forest cover 
changes is critical in order to provide credible reference scenarios within the REDD/REDD+ 
implementation framework. Therefore, this study constitutes an important contribution to the practical 
advancement of modelling reference scenarios. The MCA model applied in Pakxeng district and 
Luangprabang province has several strengths. First, the model’s transition potential maps are calibrated 
with a set of biophysical and socioeconomic driving variables, particularly for Pakxeng district. 
Consequently, the simulated future forest cover changes under different simulation scenarios provide 
important insights, which can be used by decision makers for REDD/REDD+ preparedness activities. 
Second, government policies were incorporated in the model through the use of the protected areas, 
particularly in the optimistic scenario. Third, the MCA model’s calibration and validation functions permits 
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the comparison of the simulated and observed forest cover changes, and thus allowing for the improvement 
of the model. In essence, the MCA model has clearly separated the data used for simulating forest cover 
changes and data used for validating the accuracy of the simulated forest cover maps. Finally, the MCA 
model has attempted to limit temporal homogeneity by including more forest cover maps (1993, 1996, 
2000 and 2004) at shorter time intervals ranging from three to four years, particularly for Pakxeng district. 

While the MCA model has demonstrated that it is possible to simulate future forest cover changes in 
Pakxeng district and Luangprabang province, there are certain limitations that should be noted. First, the 
non-forest class is underpredicted because the MCA model emphasizes linear forest cover changes, while 
in the real world non-linear forest cover changes occur. Another reason is that the lack of boundary and 
GIS data at the village level constraints spatial analysis, which can result in uncertainty. For example, the 
MCA model assumed that biophysical factors such roads remained constant given the lack of updated road 
data in the study area. Second, for calibrating and running the MCA model in an area that experiences 
dynamic land and forest cover changes (due to shifting cultivation and other agricultural activities as well 
as the impact of both legal and illegal logging), more forest cover map data is required in order to capture 
the temporal heterogeneity.  

Future work should improve the Markov-cellular automata (MCA) capacity by including more temporal 
forest cover maps (at an interval of two to three years). Furthermore, the Forestry Inventory and Planning 
division (FIPD) should collaborate with other stakeholders in order to build a basic biophysical and 
socioeconomic database that is consistent. More importantly, an attempt should be made to prepare a 
database that corresponds to the available forest cover maps. In addition, consistent district and provincial 
boundaries as well as plans for future infrastructure development (e.g., roads and reservoirs) and relocation 
of villages should be made available in order to be included in simulation models. Finally, capacity 
building should continue so as to equip the FIPD staff with adequate skills to perform future forest cover 
change simulations and setting reference scenarios within the REDD/REDD+ framework. 
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Appendices 
Appendix I. Questions covered in the household survey. 

Section Number of questions asked 

Location of household 5 questions 

Basic household information 8 questions 

Population and labour force 2 questions 

Household income 4 questions 

Land and productive assets 8 questions 

Use of inputs  4 questions 

Livestock 5 questions 

Land use changes 10 questions 

Extension or creation of fields 4 questions 

Trend in fallow 2 questions 

Crop production and sales  9 questions 

Agriculture under contract and access to credit 4 questions 

Forest and non-timber forest products 4 questions 

Fuelwood consumption 4 questions 

Forest and non-timber forest sales 9 questions 

Reforestation 2 questions 

Management of land and forest resources 3 questions 

Total number of questions asked 87 questions 
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Apendix IIa. Input data for simulating forest cover changes under different scenarios at the 
district level. 

Data Driving Factor BAUS PS OS 

Biophysical Forest cover maps (1993,1996, 2000 and 
2004) 

Elevation  

Distance to unpaved major roads 

Distance to secondary paved roads 

Distance to rivers 

Distance to village center 

Reservoirs 

Protected forest areas 

* 

* 

* 

 

* 

* 

 

* 

* 

* 

* 

* 

* 

* 

 

* 

* 

* 

 

* 

* 

 

* 

Socioeconomic Population density 

Labour used in the household 

Hired labour force 

Livestock ownership 

Rice produced (ton) 

Fuelwood consumed (m3) 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 

* 
Note: BAUS - business-as-usual scenario; PS- pessimistic scenario; OS - optimistic scenario. 

 
Apendix IIb. Input data for simulating forest cover changes under different scenarios at the 

province level. 

Data Driving Factors BAUS PS OS 

Biophysical Forest cover maps (1993 and 2000) 

Elevation  

Distance to major roads 

Distance to secondary paved roads 

Distance to rivers 

Distance to town center 

Reservoirs 

Protected forest areas 

* 

* 

* 

 

* 

* 

 

* 

* 

* 

* 

* 

* 

* 

 

* 

* 

* 

 

* 

* 

 

* 

Socioeconomic Population density * * * 
Note: BAUS - business-as-usual scenario; PS- pessimistic scenario; OS - optimistic scenario. 
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Apendix III. Village household survey data. 

(a) Household size 

 
 
(b) Household labour 
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(c) Hired labour 

 
 
(d) Number of pigs 
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(e) Rice production 

 
 
(f) Fuelwood consumption 
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Apendix IV. Modified transition probabilities parammeters under (a) pessimistic and (b) 
optimistic scenarios at the district level. 

(a) Forest cover change transition probabilities under the pessimistic scenarios. 

Transition probabilities for 1993-1996 under the pessimistic scenario. 

  1996 

  Current forest Unstocked forest Non-forest 

 Current forest 0.51 0.39 0.02 

1993 Uustocked forest 0.01 0.78 0.21 

 Non-forest 0.15 0.18 0.67 

 
Transition probabilities for 1996-2000 under the pessimistic scenario. 

  2000 

  Current forest Unstocked forest Non-forest 

 Current forest 0.27 0.42 0.31 

1996 Uustocked forest 0.10 0.69 0.21 

 Non-forest 0.15 0.18 0.77 

 
Transition probabilities for 2000-2004 under the pessimistic scenario. 

  2004 

  Current forest Unstocked forest Non-forest 

 Current forest 0.26 0.44 0.30 

2000 Uustocked forest 0.01 0.73 0.26 

 Non-forest 0.01 0.22 0.77 

 
(b) Forest cover change transition probabilities under the optimistic scenarios. 

Transition probabilities for 1993-1996 under the optimistic scenario. 

  1996 

  Current forest Unstocked forest Non-forest 

 Current forest 0.92 0.07 0.01 

1993 Uustocked forest 0.08 0.91 0.01 

 Non-forest 0.18 0.18 0.64 

 
Transition probabilities for 1996-2000 under the optimistic scenario. 

  2000 

  Current forest Unstocked forest Non-forest 

 Current forest 0.91 0.08 0.01 

1996 Uustocked forest 0.10 0.89 0.01 

 Non-forest 0.15 0.18 0.67 

 
Transition probabilities for 2000-2004 under the optimistic scenario. 

  2004 

  Current forest Unstocked forest Non-forest 

 Current forest 0.92 0.07 0.01 

2000 Uustocked forest 0.12 0.86 0.02 

 Non-forest 0.19 0.13 0.68 
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Apendix V. Modified transition probabilities parammeters under (a) pessimistic and (b) 
optimistic scenarios at the province level. 

(a) Forest cover change transition probabilities under the pessimistic scenarios. 

Transition probabilities for 1993-1996 under the pessimistic scenario. 

  1996 

  Current forest Unstocked forest Non-forest 

 Current forest 0.12 0.62 0.20 

1993 Uustocked forest 0.01 0.33 0.66 

 Non-forest 0.01 0.10 0.89 
 
(b) Forest cover change transition probabilities under the optimistic scenarios. 

Transition probabilities for 1993-1996 under the optimistic scenario. 

  1996 

  Current forest Unstocked forest Non-forest 

 Current forest 0.97 0.02 0.01 

1993 Uustocked forest 0.90 0.09 0.01 

 Non-forest 0.25 0.26 0.49 
 




