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Abstract 

The project has two major objectives: 1) to synthesize knowledge from previous and 
ongoing projects in Mainland Southeast Asia (MSEA); and 2) to enhance the conceptual 
underpinnings of land change science (LCS) by integrating aspects of land 
teleconnections, land-use transitions, and political ecology to explicitly link land changes 
to local, national, and international drivers. 

The project is working at regional scale and local scales. At the regional scale we 
are focusing on changes in forests and boom crops in upland areas (300 masl and higher), 
and urban growth regionally. At the local scale we will focus on sites in Laos, Cambodia, 
and Vietnam.   

At the regional scale specific research objectives include: 
1. Synthesize existing approaches for mapping land-cover change trajectories 

and the expansion of boom crops.  
2. Synthesize existing approach for mapping the growth of urban areas and their 

dynamics. 
3. Broadly document the political economic drivers of boom crops and 

urbanization in MSEA from secondary sources. 
4. Produce an integrated understanding of where growth in boom crops and 

urban areas are occurring regionally and the political economic drivers of 
these changes. 

At the local scale specific research objectives include: 
1. Use expert knowledge to identify a sample of forests, boom crops, and 

periurban areas in Cambodia, Laos, and Vietnam undergoing rapid change. 
2. Conduct focus group discussions and household interviews in these sites to 

identify how land uses have changed and if any displaced land uses have 
occurred—forced to move to other sites, sending remittances home to 
intensify household farm production, etc. 

3. Produce detailed maps of LCLUC between 2000 and 2012 in the sample sites 
and the places where displaced LCLUC have occurred. 

4. Produce an integrated understanding of LCLUC in these sites focusing on 
where change is occurring, who benefits and who loses from the change, and 
how distal forces affect both the where and who dynamics of LCLUC. 

 
Approach Adopted: 

 Multi-disciplinary, field and modeling approach involving three teams: (1) 
Mapping changes in forest and plantations team; (2) Urbanization mapping team; and (3) 
Field work team. The whole team met in Honolulu January 11 to 13, 2016, to discuss 
progress to date and to plan project activities in 2016 and beyond.   
 

Accomplishments in Year 2: 

 

1. Mapping changes in forest and plantations team (Kaspar Hurni, Jefferson Fox, 
Andreas Heinimann, Steve Leisz, and Annemarie Schneider) 
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1.1  Mapping expansion of tree crops using Landsat time series 

In the first year of the project we tested different classification approaches for the 
Landsat footprint 125/50 and found that the approach developed by Schneider (2012) to 
map urban expansion was suitable to map the expansion of tree crops in a rural context 
with heterogeneous land use and land cover. 

In the second year we continued this mapping work for six additional Landsat 
footprints in order to provide the field work team with detailed maps and to build a 
database of sample points for scaling up to the regional scale. Besides footprint 125/50 
our mapping activity focused on 125/51; 126/49; 126/50; 129/46; 130/47 and 131/46. For 
each Landsat footprint the following tasks were carried out: 

 
 Selection of Landsat scenes with minimal cloud cover for the period from 2000-2014. 

Additionally, we focused on selecting images that represent relevant stages in the 
phenology of the different tree crops (e.g. defoliation of rubber) and in the land use 
activities (e.g. shifting cultivation). Based on these criteria we chose between three to 
six images per year and 50 and 70 images in total for each footprint. 

 Classification training and verification points were labelled based on field photos, 
Google Earth imagery, and the Landsat time series. For each footprint we labelled 
1000 randomly generated points and added additional points for those land cover types 
or land cover change classes that we focused on, but were only represented by a 
limited number of the randomly generated points. We then divided the point into 
classification training points (75%) and verification points (25%). 

 Classification using the support vector machine (SVM) classifier in EnMap-Box (van 
der Linden et al. 2015). First, we parameterized the SVM classifier by performing a 
two-dimensional grid search with internal validation to find the most suitable kernel 
(linear or radial basis function) and the related parameter settings. Second, we ran the 
classification using the best parameter configuration; for all the footprints the linear 
kernel was preferred. 

 Post-processing and accuracy assessment of the final maps. We processed each 
classification with a sieve function to remove salt and pepper effect and performed the 
accuracy assessment for each footprint separately and for all the footprints together 
using the classification verification points. 
 
Table 1 shows accuracy assessment and areal statistics for all the footprints together. 

The overall accuracy was 88.82% with only some of the classes (marked red in Table 1) 
showing low user or producer accuracies. Reasons for the low accuracies of these classes 
are twofold. On one hand they cover small areas and/or occur very fragmented in the 
landscape. As a result only a limited number of classification training and verification 
points could be collected. On the other hand they depict change that occurred towards the 
end of the study period. Confusion with other vegetation types is therefore more likely as 
the canopies of these tree crops are not yet fully developed. 

The areal statistics show that forests (deciduous and evergreen) are the dominant land 
cover types, covering more than 62% of the seven classified Landsat footprints. More 
than half of the study area can therefore be considered to show a more or less natural 
landscape with limited human interference. Interestingly the class “rotational agriculture” 
covers almost the same area as the class “low biomass density” (including built up areas,  
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Class 
Errors [%] Accuracies [%] Area 
Commission Omission User's Producer's km

2 % of study 

area Water 0 1.37 100 98.63 2'116.6 1.02 
Forest (F) 10.05 7.18 89.95 92.82 75'736.1 36.59 
Deciduous Forest (DF) 10.64 10.64 89.36 89.36 53'273.4 25.74 
Low biomass density (LBD) 8.09 6.37 91.91 93.63 33'695.3 16.28 
Rubber (stable) 6.98 9.09 93.02 90.91 283.8 0.14 
Cashews (stable) 13.04 20 86.96 80 183.5 0.09 
Pineapple 0 0 100 100 108.4 0.05 
Orchards / fruit trees 8.93 12.07 91.07 87.93 1'105.4 0.53 
Rotational agriculture 25.55 21.61 74.45 78.39 30'255.8 14.62 
Expansion of LBD 20.99 26.44 79.01 73.56 2'093.7 1.01 
New water (e.g. Hydropower dams) 0 0 100 100 105.8 0.05 
Rubber (2000-2002, from F) 2.33 10.64 97.67 89.36 37.3 0.02 
Rubber (2000-2002, from LBD) 50 80 50 20 3.7 0.00 
Rubber (2003-2005, from F) 14.29 23.64 85.71 76.36 173.9 0.08 
Rubber (2003-2005, from DF) 0 36.36 100 63.64 4.5 0.00 
Rubber (2003-2005, from LBD) 17.6 15.57 82.4 84.43 352.6 0.17 
Rubber (2006-2008, from F) 9.66 6.65 90.34 93.35 1'208.0 0.58 
Rubber (2006-2008, from DF) 8.99 12.9 91.01 87.1 273.1 0.13 
Rubber (2006-2008, from LBD) 17.31 18.35 82.69 81.65 604.5 0.29 
Rubber (2009-2011, from F) 14.6 13.45 85.4 86.55 1'278.8 0.62 
Rubber (2009-2011, from DF) 7.56 9.14 92.44 90.86 913.9 0.44 
Rubber (2009-2011, from LBD) 11.11 15.79 88.89 84.21 186.2 0.09 
Rubber (2012-2014, from F) 11.11 12.61 88.89 87.39 1'046.2 0.51 
Rubber (2012-2014, from DF) 4 4.55 96 95.45 1'181.5 0.57 
Rubber (2012-2014, from LBD) 7.14 13.33 92.86 86.67 95.9 0.05 
Cashews (2000-2002, from F) 0 7.89 100 92.11 53.9 0.03 
Cashews (2003-2005, from F) 10.71 1.96 89.29 98.04 88.3 0.04 
Cashews (2003-2005, from LBD) 0 40 100 60 4.4 0.00 
Cashews (2006-2008, from F) 0 20.69 100 79.31 42.2 0.02 
Cashews (2006-2008, from DF) 14.29 0 85.71 100 3.2 0.00 
Cashews (2006-2008, from LBD) 50 80 50 20 37.7 0.02 
Cashews (2009-2011, from F) 10 30.77 90 69.23 43.6 0.02 
Cashews (2012-2014, from F) 33.33 60 66.67 40 1.8 0.00 
Coffee (2000-2002, from LBD) 0 11.11 100 88.89 8.8 0.00 
Coffee (2006-2008, from LBD 5.26 0 94.74 100 10.3 0.00 
Eucalyptus (2006-2008, from DF) 0 6.25 100 93.75 28.4 0.01 
Eucalyptus (2009-2011, from DF) 12.9 12.9 87.1 87.1 197.6 0.10 
Eucalyptus (2012-2014, from DF) 0 30.43 100 69.57 103.2 0.05 
Sugarcane (2006-2008, from F) 0 0 100 100 13.4 0.01 
Sugarcane (2006-2008, from DF) 0 16.67 100 83.33 11.1 0.01 
Sugarcane (2009-2011, from DF) 25 40 75 60 8.6 0.00 
Table 1: Accuracy assessment of all the Landsat classifications (all footprints together) 
and areal statistics. The overall accuracy of the classification is 88.82% 
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bare areas, and mostly permanent agriculture with annual crops). Land use systems with 
crop-fallow rotation are therefore still practiced by a substantial share of the population,  
although population densities in those areas are most likely much lower compared to the 
areas with permanent agriculture. Upon scaling up to the regional scale it will be 
interesting to compare population densities between these classes. 

Compared to the land cover and land use classes discussed above, the tree crop classes 
cover smaller areas. Tree crops that have already been planted before 2000 and that 
persisted throughout the study period include rubber (0.13% of the study area), cashews 
(0.09%), pineapple (0.05%), and fruit trees (0.53%), with the latter two mainly occurring 
in Thailand. From 2000-2014 we mapped four expanding tree crops (rubber, cashews, 
coffee, and eucalyptus) and sugarcane. Rubber expanded the most, with an area of 7360 
km2 (3.6% of the study area) being covered by new plantations. Compared to rubber the 
other crops are less significant. New eucalyptus plantations cover 0.16% of the study area 
(329 km2), cashews 0.13% (275 km2), and sugarcane and coffee show insignificant shares 
(33 km2 and 19 km2 respectively). 

These statistics provide a first impression on the land use, land cover, and the related 
dynamics that occur in the region. However, considering that the classified Landsat 
footprints are scattered and large parts of Mountainous Mainland Southeast Asia 
(MMSEA) were not classified, the statistics do not represent what is happening in the 
region as a whole. Figure 1 and 2 show the Landsat classifications and give an insight on 
the differences in the dynamics within and between the countries. 

In the south of MMSEA (figure 1) forested landscapes and rotational agriculture 
prevail in Laos and Cambodia while in Thailand the class low biomass density 
dominates. Rubber in Thailand seems to be mainly planted by smallholders (small 
patches) while large plantations can be found in Laos, Cambodia, and Vietnam. In the 
north of MMSEA (figure 2) the situation is different. Rotational agriculture is the 
dominant land use practice in northern Laos and smallholder rubber plantations occur 
along the roads. Northern Thailand still has substantial amounts of forested landscapes 
with the classes “low biomass density”, rubber, and fruit trees in between. Myanmar 
shows mainly forests with some large scale rubber plantations. 

The Landsat-based maps are an important source of information for the field work 
team, as spatial information on the extent of tree crops was limited to concession 
inventories (e.g. www.opendevelopmentcambodia.net). Figure 3 shows the Landsat 
classification, overlaid with the inventory of granted agricultural concessions in 
Cambodia. This shows that most of the concessions are not converted at once, but 
develop gradually. More astonishing is that very large plantations occur in areas where no 
granted concessions are inventoried, while some of the granted concessions are not 
developed at all. 

 

http://www.opendevelopmentcambodia.net/
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Figure 1: Landsat classification in the southern part of MMSEA covering southern Laos, 
northeastern Cambodia and small shares of Thailand and Vietnam. 
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Figure 2: Landsat classification in the northern part of MSEA covering northern Laos, 
north-eastern Thailand, and Myanmar. 
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Figure 3: Comparison of the mapped tree crops with the inventory on granted agricultural 
concessions in Cambodia (obtained from: www.opendevelopmentcambodia.net). 
 
1.2  Upscaling of the classification to the regional scale using MODIS time series 

data 

 

The upscaling of the Landsat classification to the regional scale covering MMSEA 
follows the approach described in Hurni et al. (2013). The approach uses the Landsat 
classification to derive training and verification points for the classification at regional 
scale using MODIS time series data. Due to the large data volume of the MODIS time 
series this process is more time consuming than we had anticipated and is still ongoing. 
The following sections will shed light on what has been done so far and discusses the 
next steps. 

Due to the difference in the resolution between the Landsat images (30m) and the 
MODIS data (231m), one MODIS pixel is represented by approximately 60 Landsat 
pixels. As a result the MODIS pixels are likely to consist of a land cover mix, represented 
by different classes of the Landsat classification. Due to the large number of land cover 
and land cover change classes in the Landsat classification (41 classes) it was, however, 
not possible to include different types of mixed pixels for the upscaling. We therefore 
considered only those MODIS pixels as classification training areas where at least 90% 
of the MODIS pixel was represented by the same Landsat class (i.e. 54 of the 60 Landsat 
pixels that occur within a MODIS pixel need to be of the same class). This analysis 
resulted in almost 1.5 million potential training areas, a number too large to be handled 
by the classifier. Simultaneously some of the classes showed an abundance of training 

http://www.opendevelopmentcambodia.net/
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areas (e.g. forest, deciduous forest), while others showed only very few training areas 
(namely those that cover a small area and/or occur only fragmented in the study region). 
We therefore needed to reduce the overall the number of training areas and also remove 
those classes without sufficient training areas. We limited the maximum number of 
training areas derived from each of the seven Landsat scenes to 500 per Landsat class. On 
the other hand a Landsat class was considered in the MODIS classification if at least 20 
training areas could be derived from all the Landsat classifications together. This resulted 
in 31 classes represented by 31,105 points which were split up into classification training 
(75%) and verification areas (25%). 

We worked with the MOD13Q1 product, providing the MODIS data and derived 
products (e.g. the Enhanced Vegetation Index (EVI)) as 16-day image composites. Pre-
processing of the MODIS time series data was done using the timesat programme 
(Eklundh and Jönsson 2010). Timesat fits smooth functions to the data, returning files 
containing even renditions of the original data. This enhances the data quality by getting 
rid of the spikes. 

The classification at regional scale was done using EnMap-Box by first 
parameterizing the classifier and then running the classification with the best parameter 
settings. Initially we used the MODIS EVI time series data only, but several runs with 
different kernels and parameter settings of the SVM classifier did not yield any 
satisfactory results. In particular, areas in which we up-scaled the classification (those 
areas without Landsat data) showed classification errors upon visual inspection. Besides 
the EVI data we therefore also included the Shortwave Infrared (SWIR) band of the 
MOD13Q1 product. Senf et al. (2013) showed the importance of the SWIR in 
discriminating rubber plantations and forests. Compared to only using EVI data, the use 
of both, EVI and SWIR, can increase the overall accuracy by 10%. 

Currently we are running the classification using the EVI and the SWIR time series 
data for selected extents in MMSEA. Compared to the classification using the EVI data 
only, the addition of the SWIR improves the classification. Especially in the areas with 
rugged terrain the salt and pepper effect is reduced and there seem to be fewer 
misclassifications. However, an accuracy assessment has not yet been performed as the 
classification has not been run for all the targeted extents of MMSEA. Additionally, the 
MODIS classification might be improved by reassessing the classification training areas. 
These areas were automatically derived from the Landsat classifications and errors in that 
classification were transferred to the MODIS classification. As the SVM algorithm is 
quite robust and effective in handling non-fully reliable training samples, the classes with 
abundant training areas are not likely to be affected (Mountrakis et al. 2011). The training 
areas derived from the Landsat classes with low accuracy and the classes with few 
training areas, however, could have a negative effect on the MODIS classification. As a 
result further improvements in the MODIS classification might be achieved by revisiting 
and correcting these training areas. 

The accuracy assessment of the final MODIS maps will be performed using two sets 
of verification points. The first set overlaps with the Landsat classification and the 
verification points are already available (derived automatically from the Landsat 
classifications). The second set of verification points assesses the accuracy of the up-
scaled classification (no underlying Landsat classification). These verification points still 
need to be labelled. The comparison of the two accuracy assessments will allow us to 
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quantify the errors related to the upscaling of the classification while the combination 
will provide accuracy measures for the whole dataset / region. 
 
1.3  Current and ongoing work 

 

During the coming months focus will be put on the publication of research results (e.g. 
the Landsat classifications) and on finalizing the MODIS classification (upscaling of the 
Landsat classification to the regional scale using MODIS data). Project activities include: 

 Presentation of research findings at the AAG Annual Meeting in San Francisco 
(March 29 - April 2, 2016) 

 Publication of the work at local scale (Landsat classifications) in a peer-reviewed 
scientific journal 

 Continue the work related to the improvement of the MODIS-based classification 
at regional scale (e.g. reassessing parts of the training areas) 

 Accuracy assessment of the MODIS classification using two sets of verification 
points (A) spatial overlap with Landsat classification; B) No underlying Landsat 
classification) 

 Spatial analyses of the LCLUC patterns to distinguish between smallholder and 
large scale plantations 

 Publication of the work at regional scale (MODIS classification) in a peer-
reviewed scientific journal 
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2. Mapping urbanization and peri-urbanization team (Co-I Annemarie Schneider, 
University of Wisconsin-Madison, current project team: Caitlin Kontgis, Madeline 
Ruid, Jessie Paulson, Teague Walsh-Felz at University of Wisconsin-Madison, Tuyen 
Nghiem at Vietnam National University, and Yuko Shirai at Khon Kaen University) 

 
2.1  Regional assessment of urban and peri-urban expansion, 2000-2010 

 
To describe urban trajectories across MSEA, we characterized urban extent and urban 
expansion 2000-2010 using Moderate Resolution Imaging Spectroradiometer (MODIS) 
satellite observations (Mertes et al. 2015).  In these maps, urban land refers to places 
dominated by the ‘built environment’, which includes all non-vegetative, human-
constructed elements (e.g. roads, buildings) with >50% coverage of a landscape unit 
(here, a 250 m pixel).  As described in Schneider et al. (2015) and Mertes et al. (2015) 
(both published during year 2 of the project), the study extent was first established by 
synthesizing all contemporary city point data with a c. 2000 map of urban extent 
developed from MODIS 500 m data (Schneider et al. 2009, 2010).  The final study extent 
was created by categorizing the identified urban patches into small, medium, and large 
classes according to their spatial extent and population, and buffering by 5, 25, and 100 
km respectively to include potential areas of urban and peri-urban growth.  Urban 
expansion 2000-2010 was then mapped in two steps, beginning with delineation of the c. 
2010 urban extent.  A probability surface of urban land was developed from three years 
of 500 m MODIS imagery and training samples for urban and non-urban areas photo-
interpreted using very high resolution Google Earth imagery (1-4 m resolution).  A 
separate probability surface based on vegetation characteristics of urban and non-urban 
areas was produced from 250 m MODIS enhanced vegetation index (EVI) data (Mertes 
et al. 2015) and integrated with the 500 m probabilities according to Bayes’ Rule.  
 
To detect change (step two), we assume all urban expansion 2000-2010 to be 
unidirectional and occur within the 2010 urban extent mapped in step one. We again 
exploit EVI data in a multi-date composite technique (annual maximum for each year, 
2001-2010) by stacking all images for classification with a boosted decision tree to map 
(a) stable urban areas; and (b) areas that were developed 2000-2010.  This approach relies 
on the assumption that any conversion from a non-urban land cover to developed land is 
detectable through changes in vegetation content (Schneider et al. 2010; Mertes et al. 
2015).   
 
The final maps were assessed for accuracy using a two-tiered approach.  The 2010 urban 
map was first assessed using a stratified random sample of 6528 sites 0.132 km2 in size, 
and the maps of urban expansion were assessed using a separate random sample of 2086 
sites (0.06 km2, to align with the 250 m resolution).  Test sites were assessed within 
Google Earth against VHR data in a double‐blind assessment by a team of photo-
interpretation analysts, and labeled as urban/non-urban land (tier one), or urban 
land/urban expansion 2000-2010 (tier two) according to the >50% built-up threshold 
(note that the 50%  threshold is used throughout to maintain consistency with previous 
urban remote sensing efforts).  Overall accuracy measures for the maps were calculated 
by comparing the maps against the test sites.  The results indicate that map accuracies for 
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urban extent (tier one) range between a maximum of 93% to a minimum of 79% for each 
country, and for urban expansion (tier two), between 91% and 70% (Mertes et al. 2015). 
 
With the MODIS-based maps of urban and peri-urban change complete for the five-
country area (Figure 4), our recent work has focused on analysis of trends and patterns 
across the region.  We synthesized the urban land information with population density 
maps developed using demographic data at the finest administrative unit available and 
empirically-tested population-land cover relationship-based methods (Tatem et al. 2007).  
The results show that, across MSEA, each country’s population is only 20-30% 
urbanized, in direct contrast to other part of South and East Asia, where urbanization has 
climbed above 50% during the period 2000-2010.  Although the patterns in the MSEA 
region may be unique for the region, rapid changes are occurring across all five countries, 
as shown in Table 1.   
 
Across the region, the total net increase in urban land area was nearly 2000 km2 from 
2000 to 2010, expanding from 11,000 to 13,000 km2.  While urban land area increased 
>18%, urban populations climbed >41%, adding 20 million persons in just ten years 
(from 738 to 969 million).  The rapid pace of population change is clear in the average 
rates of change for each country: cities in the region grew annually at 3.4%, with 
Vietnam, Cambodia, and Laos all observing rates well above this average (4.0-7.8%).  In 
contrast, the rates of change for urban land average 1.7% annually, with only Cambodia 
and Laos (two nations with extremely small amounts of urban land at the beginning of 
the time period) have rates higher than this level, at 2.9% and 3.2, respectively.  This 
regional analysis will form the basis for a forthcoming publication on peri-urbanization 
trends in the region, which will be the focus of our efforts during year 3 of the project. 
 
Table 1 also reveals that most of the urban population – some 67 million persons – is 
clustered in 67 urban agglomerations over 100,000 persons, with the majority of those 
cities (44) falling in Vietnam and Thailand.  As such, our local level analysis of peri-
urbanization (as described in Section 2.2 below) focuses primarily on cities in these two 
countries. 
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Figure 4.  Maps of c 2010 urban extent for the Mainland Southeast Asia (MSEA) study 
area (note that urban expansion 2000-2010 is not shown due to the coarse scale of the 
figure). 

Table 2.  Urbanization and urban expansion in MSEA by country, 2000-2010. 
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2.2  Understanding peri-urbanization at local scales, 1990-2012 

 
Characterizing and understanding peri-urbanization is critical in the MSEA region, as 
these transition zones have a wide range of impacts across multiple scales, including local 
effects on farmer livelihoods, regional impacts to economic development, fragmented 
governance, as well as detrimental environmental impacts such as increased air and 
groundwater pollution, loss of native vegetation, and decreases in biodiversity.  While the 
large area maps described above (section 2.1) provide a useful synoptic view of 
urbanization and urban expansion, we have focused our efforts on several case study 
cities to more fully understand peri-urban dynamics, proximate and underlying driving 
forces, and possible teleconnections. 
 
This portion of the project has two foci: (1) a comparative analysis of the rates, locations, 
and patterns of urbanization, peri-urbanization, and cropland loss in and around 12 cities 
in the MSEA study region (Figure 5); and (2) detailed case-study analysis in two of these 
locations, namely Khon Kaen, Thailand, and Hanoi, Vietnam.  The comparative analysis 
(focus area 1) utilizes Landsat-based maps of land cover change for 1990-2012, 
combined with narrative information from local experts, land use planners and 
government officials to understand and assess the broad drivers of peri-urbanization 
processes in each region.  We are wrapping up the in-lab mapping portion of the work 
(covering portions of 19 Landsat scene footprints, Figure 5), and once complete, we will 
link this map with interview-based narratives for each location.  The final step will be 
synthesis across all of the case study areas, with the goal of publication of this 
comparative assessment by 2017. 
 
In addition, work has progressed on each of the case study cities (focus area 2) during the 
last year.  For the Khon Kaen and Hanoi study areas, we are focusing on group 
discussions and household interviews to identify how land uses have changed and if any 
displaced land uses have occurred (e.g. forced relocation to other sites, intensification of 
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household farm production using remittances, etc.).  At the end of this project, our 
overarching goal is to produce an integrated understanding of land cover change and peri-
urbanization in the region by focusing on where change is occurring, who benefits and 
who loses from the change, and how distal forces affect both the ‘where’ and ‘who’ 
dynamics of land cover change.  As the field work has evolved (described in Section 3 
below), we have undertaken additional assessment of the remote sensing data for both 
study areas to provide greater thematic detail on built-up land conversion and the 
introduction of boom crops in nearby agricultural regions.  This work will continue 
during year 3 of the project. 
 
 
 
 

 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 5.   Map of the MSEA region showing the 12 study area cities, as well as the 
Landsat footprints that have been processed to produce detailed land cover change maps.  
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3.  Field work team (Ian Baird, Jeff Fox, Tuyen Nghiem, and Yuko Shirai) 
 
3.1  Forest and Plantations: During the 2015 calendar year, we conduct a significant 
amount of field work and public presentations on this project.  
 
Field Work:  
In May 2015 we contracted Mr. William Noseworthy to conduct research regarding 
Vietnamese labor involvement in plantation development in Champasak, Xekong and 
Attapeu Provinces in Southern Laos. Noseworthy, who is fluent in Vietnamese, 
interviewed Vietnamese workers on plantations. Noseworthy prepared a field report 
about this work, which has become the basis of a paper being prepared by Baird, 
Noseworthy and Fox. In June and July, Co-I Ian Baird interviewed a large number of 
villagers living on or near plantations in Savannakhet, Champasak, Xekong and Attapeu 
Provinces in Southern Laos. Baird then traveled to Northeast Cambodia where he 
conducted interviews in Stung Treng and Ratanakiri Provinces. In Stung Treng, Baird 
conducted interviews with colleagues from Royal Phnom Penh University, led by Mr. 
Ham Kingkong. In November 2015 P.I. Fox visited Stung Treng with Mr. Kimkong and 
his associates from Royal Phnom Penh University to conduct more field work. Notes 
from these interviews have been written up and an excel spread sheet summarizing 
results has been compiled.  
 
Presentations:  

 February 26, 2015, Dr. Ian Baird visited York University in Toronto, Canada to 
present project results on telecoupling and rubber plantations in southern Laos 
and Cambodia. 

 June 2015 Dr. Baird presented a paper about plantations and telecoupling at a 
meeting hosted by Land Deals Politics Initiatives and Chiang Mai University in 
Chiang Mai, Thailand.  

 December 2, 2015, Dr. Baird made another presentation about the telecoupling 
research in Laos and Cambodia at a talk organized by the Land Tenure Center at 
the University of Wisconsin-Madison. 

 
Papers: Baird, I. and J. Fox. 2015. How land concessions affect places elsewhere: 

Telecoupling, political ecology, and large scale plantations in Southern and Laos 
and Northeast Cambodia. Land (4): 436-453. 

 
3.2  Urbanization: During the 2015 calendar year, we conducted a significant amount of 
field work on this project. 
 
In March 2015 P.I. Fox visited Hanoi to conduct field work with Dr. Tuyen Nghiem. Fox 
and Nghien visited Hun Yen Industrial Zone Authority in Hung Yen Province (Red River 
Delta) to assess the impact of industrial developments on land use and displaced land-use 
practices. Since March Dr. Nghiem has interviewed 37 households in Hung Yen. Notes 
from these interviews have been written up and an excel spread sheet summarizing 
results has been compiled. In September 2015, Fox visited Khon Kaen, Thailand, to 
conduct field work with Ms. Yuko Shirai. Fox and Shirai visited villages near Khon Kaen 
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affected by industrial development. Ms. Shirai has since conducted interviews eighty 
household interviews in two villages to assess the effects of factory employment on 
household demographics, income sources, agricultural activities, and land use. One 
village was selected because many residents worked in nearby factories, and the other 
village was selected because few residents had off-farm employment. Ms. Shirai is 
currently compiling and analyzing her data.  
 
 
 


