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Abstract: In 1986, the Government of Vietnam implemented free market reforms known as
Doi Moi (renovation) that provided private ownership of farms and companies, and
encouraged deregulation and foreign investment. Since then, the economy of Vietnam has
achieved rapid growth in agricultural and industrial production, construction and housing,
and exports and foreign investments, each of which have resulted in momentous landscape
transformations. One of the most evident changes is urbanization and an accompanying loss
of agricultural lands and open spaces. These rapid changes pose enormous challenges for
local populations as well as planning authorities. Accurate and timely data on changes in
built-up urban environments are essential for supporting sound urban development. In this
study, we applied the Support Vector Machine classification (SVM) to multi-temporal stacks
of Landsat Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+) images
from 1993 to 2010 to quantify changes in built-up areas. The SVM classification algorithm
produced a highly accurate map of land cover change with an overall accuracy of 95%. The
study showed that most urban expansion occurred in the periods 2001–2006 and 2006–2010.
The analysis was strengthened by the incorporation of population and other socio-economic
data. This study provides state authorities a means to examine correlations between urban
growth, spatial expansion, and other socio-economic factors in order to not only assess
patterns of urban growth but also become aware of potential environmental, social, and
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economic problems.
Keywords: built-up areas; multi-temporal image stacks; support vector machine; gradient
approach; urbanization

1. Introduction
Massive urbanization began to accelerate in Asia in the 1980s and is expected to continue over the
next several decades. Because Asia is highly populous and has experienced sustained economic growth
since the 1980s, its urbanization has given birth to some of the largest and densest cities in the world [1].
Vietnam, one of Southeast Asia’s economic dragons [2], is experiencing one of the greatest urban
transitions in the world. At the national level, the urban population increased from 23.7% in 1999 to
29.6% in 2009 (with 25.4 million urban residents out of the country’s 85.8 million people) [3]. The urban
population continues to grow at an unprecedented rate and is projected to increase by 45% by 2020,
which translates to more than 30 million urban residents [4].
This remarkable achievement has been largely attributed to the ‘Doi Moi’ or ‘renovation’ reforms
program initiated in 1986, which introduced liberal market mechanisms encouraging private-sector
initiatives while retaining the state’s role as the nation’s strategic planner and enforcer [5]. The
introduction of the ‘Doi Moi’ policy in 1986 was a turning point in the economic transformation of
Hanoi. The GDP of Hanoi increased 11 times in the period between 1985 and 2000 and 3 times between
2000 and 2008 [6]. The city’s poverty rate decreased sharply from 63% in 1993 to 3% in 2010, and a
2% poverty rate target has been set for 2015 [7]. The GDP of the Hanoi industrial sector grew
approximately 15% per year between 1996 and 2000, while the GDP of the agriculture sector decreased
from 5% in 1996 to 4% in 2000 [8]. A stable economic growth of 7 to 8% per year between 2000 and
2010 and rapidly growing foreign investments have led to growing demands for land for housing, offices,
manufacturing industries, and a booming real estate sector [9].
Besides ‘Doi Moi’ other national policies have also influenced the urban expansion. During the
1990s, large-scale conversion of agricultural land to urban land was tightly restricted and controlled by
the state, requiring approval from the Ministry of Natural Resources and Environment. At the beginning
of the 2000s, the state relaxed its power on the management of these lands and, in 2006, decentralized
the land management to provincial and municipal governments [6]. In the late 1990s, the central
government ratified a general urban development plan for 2020 with the goal of fostering economic
development (Decision 10/1998/QD-TTg). These policies have promoted the conversion of agricultural
to urban land uses and stimulated a real estate market boom across Hanoi.
Rapid urbanization almost always involves wrenching social adjustment as agricultural communities
are forced to adjust rapidly to industrial ways of life, and the large-scale in-migration of young people,
usually from poor regions, creates enormous demand and expectations for community and social
services. Environmental stresses in rapidly urbanizing areas are also significant due to the patchy nature
of newer settlements, pollution from a variety of industrial and residential sources as well as
motorization, and inadequate public-sector financial resources to cope with the rapid development [10].
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Although much is known about Hanoi’s socio-economic achievements since Doi Moi, the effects of
these changes on land cover (transition from agriculture to built-up land) have not been well documented
or updated. While numerous studies (Pham and Yamaguchi [11],[12]; Pham et al. [13]; Duong et al. [14];
Schneider and Woodcock [15]; Duan and Shibayama [16]; Castrence et al. [17]) have focused on
developing methods for mapping the spatial expansion of built-up areas around Hanoi, they have not
examined the relationships between changes in land cover and socio-economic variables. Recently,
Saksena et al. [18] has used data from Vietnam’s national population and agricultural censuses to classify
local government administrative units (communes) according to their degree of urbanicity. Census data
provides insights into the socio-economic characteristics of places undergoing the rural-to-urban
transition or the interaction of rural and urban activities, while remotely sensed data provides insights
into the biophysical manifestations (i.e., land use and land cover changes) associated with such
transitions and interactions. Both census data and remotely sensed data can be used independently to
map the urban transition but can perhaps provide the greatest insights on change when used together.
This study seeks to provide a comprehensive understanding of urban expansion around Hanoi using
multi-temporal image stacks developed from freely-available Landsat Thematic Mapper (TM) and
Enhanced Thematic Mapper Plus (ETM+) data from 1993 to 2010, and population data from the 1999
and 2009 Vietnam Population and Housing Censuses.
The paper’s objectives are twofold. First, we seek to determine how patterns of urban expansion have
shifted over the last two decades, and where and when the new land development occurred. Second, we
seek to determine how changes in urban development compare to changes in population distribution
across the region at the commune level. To address these questions, we investigate the pattern and form
of urban growth and expansion in the greater Hanoi metropolitan region by using Landsat data to map
built-up areas that existed before 1993 and that occurred during three time periods (1993–2001, 2001–
2006, 2006–2012), and by subsequently connecting these changes to population estimates at the
commune level. We draw on work by Saksena et al. [18] that classified communes according to their
urbanicity. The paper concludes with a discussion of possible drivers and implications of the urban
spatial patterns in the region.
2. Historical Overview of the Study Area
Hanoi, the capital city, is located in the heart of the Red River Delta at 21.03N and 105.85E (Figure 1).
It is one of the oldest cities in the country and has been inhabited for millennia. King Minh Mang named
the city Hanoi in 1831; in 1888, French colonialist established Hanoi City; in 1945, Hanoi became the
Capital of the Democratic Republic of Vietnam; and, in 1954, Hanoi was liberated from the French
Colonial Regime [19]. By then, the city had an administrative area of 152 km2 [20]. By 1960, it had
expanded to 586.13 km2, and to 2123 km2 by 1978, but shrank to only 913.8 km2 by 1998 [19]. In 2008,
the administrative boundaries of Hanoi were adjusted to include the neighboring province of Ha Tay as
well as a number of districts and communes that formerly belonged to the provinces of Vinh Phuc and
Hoa Binh. Today, the capital has an area of 3,300 km2, 3.6 times its previous size [6]. In doing so, Hanoi
absorbed wide areas of agricultural land that now constitute two-thirds of its area. Recent expansion also
resulted in a doubling of the city population from 3.4 to 6.4 million inhabitants. Hanoi’s population is
smaller than HCMC’s, 6.8 million people, but far larger than the next largest cities, Hai Phong
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(1.8 million) and Da Nang (822,000). Hanoi’s population density has reached an average of 1926 persons
per km2 [21].

Figure 1. Map of the study area.
In 2008, Hanoi’s economy was based on services (52.17%), industry-construction (41.28%), and
agriculture-forestry-fishery (6.55%). Foreign Direct Investment (FDI) plays a vital role in Hanoi’s
economic growth. In the first half of 2014, Hanoi attracted US$583 million in FDI, of which more than
40% was invested in manufacturing and processing industries [22]. The inflow of FDI has promoted
rapid urbanization and industrialization concentrated primarily around the city. Large tracts of
agricultural land have been reserved for industrial and urban development projects. According to Hanoi’s
2000–2010 land-use plan, about 11,000 hectares of land, mostly annual crop land, were taken for 1736
projects causing the loss of jobs for 150,000 farmers [23]. Among nine economic regions in Vietnam,
the Red River Delta is the only region that showed a net loss of agricultural employment between 1999
and 2009 [5]. The rapid urbanization and loss of agricultural land in the Red River Delta challenge the
government’s ability to manage the rural-urban transition effectively.
In response to this challenge, government authorities developed an urban development model referred
to as ‘Khu Do Thi Moi’ (KDTM) or ‘New Urban Areas’ (NUA). By 2010, the Hanoi Department of
Construction reported that there were 152 NUAs covering an area of 44,406 ha, with projected
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inhabitants of 2 million people. The NUA model was intended to meet the demands of the city’s growing
population for housing and increase the effective use of urban land with modern infrastructure, housing,
and amenities. In reality, the economy’s rapid growth has driven land prices sky high, and investors
often violate NUA’s technical and management regulations to maximize profits, focusing on building
houses for sale without considering other public facilities such as schools, clinics, and markets. Many
NUAs are poorly connected to the city center, and disputes often arise after apartments are handed over
to customers because of poor construction, failure to meet contractual commitments, construction delays,
or poor maintenance and repair services. As a result, many NUAs have low occupancy rates and have
become ‘sleeping’ towns without inhabitants [9]. In addition, conflicting national policies have hindered
the program’s implementation. While state policy requires that 30 to 50% of new housing units built in
NUAs be accessible to low-income population, this goal has not been reached for various reasons
including legal barriers. Many rural migrants and landless farmers from neighboring provinces are
disqualified from living in these housing projects. Hence, large areas of Hanoi have turned into marginal
settlement zones with slum-like buildings, which have become the destination of impoverished city
residents as well as rural migrants [24]. The NUA model has failed to achieve the intention of policy
makers to redistribute population from the crowded city center. Planners desperately need new tools for
monitoring urban expansion in near-real time.
3. Methods
3.1. Remote Sensing of Built-up Areas
Urban areas are highly heterogeneous and challenge the ability of remote sensing specialists to
produce accurate land-cover maps, especially using conventional image processing algorithms and
techniques based on parametric statistics [25,26]. Urbanization in Asia also often occurs on prime
agricultural land that tests the specialists’ ability to distinguish between fallow farmland and built-up
areas, since both show high reflectance in the visible-infrared wavelength regions. This problem is even
more acute in areas such as the Red River and Mekong River deltas, where farmland supports multiple
crops per year with high inter- and intra-year variability [27]. Mapping large urban areas requires making
trade-offs between highly accurate but data-intensive high-resolution imagery and less accurate but also
less data-intensive moderate-resolution sensors such as 30 meter Landsat data [28]. In addition to spatial
resolution, temporal coverage is critical. The long historical archive and continuing acquisitions of
Landsat data [29] is a valuable asset that the more recent high-resolution sensors cannot provide.
Consequently, we considered Landsat data to be more suitable for our study.
Recent studies have shown that the use of several Landsat images can provide additional information
on land cover types [17,30-34]. The high image density of the stack allows for the detection of a change
through its multi-temporal signature in spectral space [17,34]. Integrating multi-temporal information
helps distinguish urban from non-urban surfaces, as urban spectral responses are largely persistent over
time compared to non-urban surface phenology [28]. Capitalizing on this strategy, we utilized stacks of
Landsat TM and ETM+ images from 1993 to 2010. The satellite images were acquired from the Global
Land Cover Facility (GLCF) archived at the University of Maryland (GLCF-UMD) and from the United
States Geological Survey (USGS)-Earth Resources Observation and Science (EROS) Center. Hanoi is
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covered by 2 Landsat tiles: P127-R045 and P127-R046. We chose all images available for these two
footprints from 1993 to 2010 but excluded images affected by cloud cover and scan line corrector (SLC)
failures (which affects Landsat 7 imagery acquired after May 2003). This reduced the number of usable
images and resulted in gaps in our image stacks for the years 1994, 1995, 1997, 1998, 2004 and 2008.
All images were projected into the Universal Transverse Mercator (UTM) coordinate system, Zone 48
based on the World Geodetic System 1984 datum (WGS84). Landsat images and dates of acquisition
are listed in Figure 2.
To prepare the image stacks, we selected all visible and infrared bands (1–5 and 7) of each Landsat and
compiled them into a single image stack for each tile. Afterward, we subset each tile via the study area’s
boundary.

Figure 2. Landsat scenes selected for multi-temporal image stacks.
The Support Vector Machine (SVM) supervised classification was applied to the stacks of Landsat
TM and ETM+ images for mapping land cover in the study area. Note that radiometric corrections were
not performed since this step is only necessary when images are analyzed individually [35], but not
simultaneously, as we did here. SVM is a supervised non-parametric statistical learning technique;
therefore, no assumptions are made on the probability distribution of the data to be classified [36]. This
characteristic makes SVM superior to traditional Bayesian methods for discriminating complex, hierarchical
patterns in satellite data [37]. Esch et al. [38] found SVM to be effective in automatic extraction of urban
areas where there is a wide range of surface materials and the heterogeneity of the classes.
Our method for image analysis and classification was intellectually stimulated by a strategy outlined
in Schneider [34] and Castrence et al. [17], which showed the effectiveness of SVM classification of
multi-temporal image stacks for mapping land cover change in urban and peri-urban environment. Our
classification scheme includes seven classes: agriculture, built-up, forest, water, and three change classes
(agriculture to built-up) between the time periods of 1993–2001, 2001–2006 and 2006–2010. We chose
to map changes in these three time periods to match the dates of the national population and housing
census (1999–2009) and the agricultural-forestry-fishery census (2001–2006–2011) for the convenience
of comparison and combination of these datasets. Based on the field observation and our experiences of
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the study area, we assumed that all changes to built-up land come from agricultural land and that other
sources of changes are negligible.
Following both random and stratified sampling strategies, we randomly generated ground truth points
(GTPs) and purposely added more GTPs for classes where coverage area was small. We labeled each
one with an appropriate land cover class. We based our groundtruthing on local knowledge, field
surveys, and a visual interpretation of both current and historical satellite imageries from Google Earth,
Bing Maps and Landsat to determine the land cover type and trajectory of each sampled location. We
had a total of 927 pixels for GTPs representing the seven classes identified in our classification scheme.
Since the study area’s landscape is largely dominated by agricultural land, we had more points in the
agricultural class (362 pixels) and fewer points in the forest class (48 pixels).
We implemented the SVM classifier in ENVI 4.4 (Exelis Visual Information Solutions, Inc., Boulder,
CO, U.S.A.). The SVM classifier has four kernels, namely, linear, polynomial, Radial Basis Function
(RBF) and sigmoid. Although some studies have observed that kernel selection can be crucial in the
production of satisfactory classification accuracy by SVMs [39], very little guidance exists concerning
the criteria to be used in selecting kernel-specific parameters [40,41]. We chose the RBF kernel, as it
generally requires defining a fewer parameters and is also known to produce good results [42,43]. To
obtain relatively realistic accuracy estimates, we applied tenfold cross validation [44] using the
groundtruthing data for both training and accuracy assessment. We randomly divided our groundtruthing
data into training and validation samples with a proportion of 80% and 20%, respectively. We repeated
this process ten times to generate ten independent sets for training and validation. We then ran the
classifier and accuracy assessment ten times, once for each training and validation set. We performed
accuracy assessment based on a confusion matrix to compute overall accuracy (OA), producer accuracy
(PA), user accuracy (UA), and the kappa coefficient (Kc) statistic [45]. We took the average of all
validation iterations and reported the estimated accuracy in Table 1.
Our supervised classification was an iterative process that involved visually identifying misclassified
areas, increasing the number of GTPs, and subsequently re-running the classifier and accuracy
assessment. This step was necessary because of the heterogeneity and subtlety of the land cover changes
in the study area. The initial random and stratified GTPs did not fully represent the characteristics of all
the land cover and land cover change classes, which led to misclassifications. By collecting more GTPs
for misclassified areas, such previously ignored characteristics were added to the appropriate classes,
which ultimately improved the classification. Once the classification was satisfactory, we mosaicked
two sub-scenes and performed the following post-classification steps to obtain the final map. Seasonal
changes in water levels in the Red River resulted in parts of the alluvial plain being misclassified as
built-up change classes. Practically, this misclassification can be handled by collecting GPTs in the
alluvial plain area and by classifying it as water or a separate class. Since the portion of the Red River
running through Hanoi is small, we manually digitized a layer of the Red River as a masking layer, and
the raster math was then used to merge the original land cover map with the masked layer. We followed
the SVM classification with a 4 × 4 majority filter kernel to remove the ‘salt and pepper’ effect common
in Landsat classifications [46].
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3.2. Rural-Urban Gradient Analysis
We adopted GIS-based buffer analysis in our research using circular buffer zones surrounding the
city center (Figure 3). Each buffer zone was employed as a basic spatial unit to characterize the
distance-dependence of urban growth. Rural-urban gradients have predominantly been quantified using
concentric zones from the urban core outwards [47-49], and objective quantification using GIS
methods [50-54]. In this study, we defined a center point located in the Hoan Kiem district because this
is one of the first four urban districts of Hanoi. We then created multiple buffer zones at five-kilometer
intervals from the center point until we covered the entire Hanoi boundary. We used five-kilometer
interval buffer zones because, in 1993 (the beginning of our study period), all contiguous urban districts
were encompassed within a radius of five kilometers.
To reinforce our understanding of land cover changes in and around the urban core, as well as
associations between built-up expansion, population growth and peri-urbanization, we used an urban
transition map developed for Hanoi by Saksena et al. [18] as an independent gradient system that does
not rely on government classification, human density, or distance to town (Figure 3). Instead, it is based
on fundamental driving forces drawn from socioeconomic theories. Within Hanoi city boundaries,
Saksena et al. [18] classified 106 administrative units as urban core communes, 32 as urban communes,
230 as peri-urban communes, and 204 as rural communes. Two communes with missing data were
excluded from the analysis. Finally, to gain an insight into how urban expansion corresponds with
population growth, we combined data from the 1999 and 2009 population census with our urban
classification map.

Figure 3. Gradient analysis using five-kilometer interval buffer zones and a commune
classification developed by Saksena et al. (2014).
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4. Results and Discussion
4.1. Land Cover Classification
Our land cover map includes seven classes: agriculture, forest, water, built-up and three classes of
change from agricultural land to built-up land (1993–2001, 2001–2006, and 2006–2010) (Figure 4). The
SVM method showed a good performance in mapping the agriculture to built-up transition in the three
time periods (Figure 5). The SVM classification of Hanoi resulted in high overall accuracies ranging
from 93.85% (kappa coefficient = 0.92) to 95.37% (kappa coefficient = 0.94) among the various
land-cover classes. In comparison with previous work [17], a smaller study area and a richer archive of
Landsat and high-resolution Google Earth images resulted in improved accuracies. The three change
classes (1993–2001, 2001–2006, and 2006–2010) had slightly lower accuracies than the stable classes
(agriculture, built-up, forest, and water) (Table 1).

Figure 4. Land cover map of Hanoi using the Support Vector Machine Classification.
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Figure 5. Performance of SVM on a multi-temporal image stack in mapping agriculture to
built-up transition.
Table 1. Overall accuracy, kappa coefficient and the average producer’s and user’s
accuracies of the tenfold cross validation for all land cover classes.
Land Cover Classes Producer’s Accuracy User’s Accuracy
Agriculture
95.60%
95.11%
Built–up
95.34%
95.12%
Change 1993–2001
94.10%
93.86%
Change 2001–2006
93.01%
93.15%
92.86%
92.85%
Change 2006–2010
Forest
94.61%
95.61%
Water
94.90%
95.38%
Overall Accuracy
94.5%
Kappa Coefficient
0.93
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Image classification accuracies often depend on the land cover classification scheme, the quality of
groundtruthing data, the spatial resolution of the satellite images, and the study’s objectives. The urban
landscape of Hanoi is heterogeneous, so we utilized a simple land cover classification scheme that met
our objectives and was suitable for the 30-meter spatial resolution Landsat images. Classification
accuracies may also depend on the temporal availability of satellite images, as we found the highest
accuracies for the period for which we had the most images and the lowest accuracy for the period for
which we had the fewest images. We included as many Landsat images as possible but omitted several
cloudy and SLC-off images. Recent advanced remote sensing techniques may help to fill the un-scanned
gaps of SLC-off images [55-57] but would require time and effort inputs that are beyond the capability
of this study.
4.2. Gradient Analysis of Newly Built-Up Areas in Hanoi
To quantify the location and change of built-up land over time and along the rural-urban gradient, we
used the pre-defined buffer zones. The results show that, over the course of the study, the growth of
built-up areas occurred mainly between 10 and 25 km from the city center (Figure 6). Within the 10 to
25 km buffer zones, the greatest amount of change occurred between 2001 and 2006. The core zone
(within five km) and zones further than 35 km showed the least amount of change over the three periods,
and differences between these periods were also negligible. We then explored whether the changes we
observed in built-up areas in different buffer zones conform to the changes documented by
Saksena et al. [18]. Results (Figure 7) show that urban core and urban communes experienced modest
change over the three time periods, while peri-urban communes showed drastic change. The greatest
amount of change occurred between 2001 and 2006 in all commune categories; change in peri-urban
communes was 30 times higher than that in urban core communes during the 2006 to 2010 period. The
two methods for identifying and mapping change in built-up areas distinguished urban growth according
to the rural-urban characteristics of communes as well as along the rural-urban distance gradient. These
two figures (Figures 6 and 7) suggested that urbanization in Hanoi is driven by both the socio-economic
and natural characteristics of each commune and its distance from the urban center.
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Figure 6. Changes in newly built-up land in different buffer zones during the three time periods.
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We also explored correlations between changes in newly built-up land and changes in population.
Figure 8 compares demographic changes between 1999 and 2009 with changes in newly built-up land
between 1993 and 2010. We found that, within the 5 and 10 km buffer zones, population growth exceeds
the growth of built-up land, an indication of the high population densities found in areas near the urban
center. The greatest changes in population and newly built-up land occurred in the 10 and 15 km buffer
zone (Figure 8). Figure 9 shows that changes in newly built-up land occurred in roughly proportional
amounts with changes in population. According to the 1999 and 2009 national population censuses, the
population of Hanoi grew by more than a million people during this decade; over 50% of this growth
occurred in communes classified as peri-urban.
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Figure 8. Percentage of change in population and newly built-up land in each buffer zone.
Percentages were computed based on the total amount of built-up land during the study
period (1993–2010) and total population increase between two census dates (1999–2009).
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Figure 9. Percentage of change in population and newly built-up land according to commune
classification. Percentages were computed based on the total amount of built-up land during the
study period (1993–2010) and total population increase between two census dates (1999–2009).
4.3. Policy Implication
The study showed that the number of people living in urban core and urban communes grew faster
than changes in built-up land, whereas, in peri-urban and rural communes, changes in newly built-up
land outpaced population growth. The continued encroachment of newly built-up land into peri-urban
and rural communes creates chaos for migrants moving into the commune and farmers struggling to
survive. In many developing countries, urban agriculture contributes significantly to livelihoods of urban
populations. Located in the heart of the Red River delta, Hanoi is a largely agricultural dominated
landscape. About 80% of fresh vegetables and 40% of eggs are produced by urban and peri-urban
agriculture surrounding Hanoi [58]. This level of production can be attributed to the large proportion of
the population involved. The rapid conversion of agricultural land to urban uses has raised a concern
about food provision for urban populations and livelihoods of peri-urban famers [59]. Because
agricultural land is finite and there are also competing interests in what to use the land for (e.g., industrial
and infrastructural projects), integrated land use planning is needed to balance different development
goals. Agricultural land should be broadly classified on the basis of ecological conservation and
economic efficiency [60].
Migration to Hanoi is another related planning focus. Questions have been raised as to whether
policies to reduce and control rural-to-urban migration are either desirable or practical [61]. The
population increase in Hanoi over the last two decades is largely due to migration [6]. Migrants to the
city bring both advantages and challenges for policymakers and the public. Even though there are
concerns that rural migrants may bring poverty and other social issues to the city, the fact is that most of
the workers in Hanoi’s industrial parks are migrants from rural areas [62]. Remittances also play a very
important role in development and poverty reduction for migrants’ origins [63]. From the perspective of
city authorities, migrants should be perceived as a great potential labor source for the growing industry
rather than problems to the city. However, policies to accommodate migrants are a challenge. Migrants
in Hanoi generally have low incomes, poor benefits, unstable employment, and lack traditional family
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support systems that often make them particularly vulnerable, especially in the case of women [64].
Migrants are also struggling for state support for their legal migration status. In theory, migrants can
obtain official permission to change their registration. But, in reality, large numbers of them are unable
to fulfill the conditions required, which inhibits their rights to access housing and other public services.
It is therefore advisable that restricting migration might not be the solution. Rather, it would be more
practical to focus on meeting the basic infrastructural needs for the migrants and create the political will
necessary to accommodate them. Balancing urban development, rural-urban migration, and agricultural
production should be a priority in any urban development plans.
5. Conclusions
In this study, we have analyzed the built-up expansion on the agricultural land in Hanoi from 1993 to
2010. The analysis of changes in newly built-up areas and population provides greater insights into urban
growth dynamics than either variable could provide alone. The supervised non-parametric statistical
learning techniques of SVM produced a highly accurate map of land cover change with an overall
accuracy of 95%. We found that built-up areas in Hanoi have expanded rapidly over the last two decades.
Most of the change occurred between 2001 and 2006 and between 2006 and 2010, corresponding to
major changes in economic policies in the early 2000s such as the development of the NUAs model and
the decentralization of land management to provincial and municipal governments. Urban expansion
was greatest between the 10 and 25 km buffer zones, areas classified as peri-urban by Saksena et al. [18]
Demographic change correlates well with changes in built-up areas. Despite the government’s attempt
to reduce population density in the city center through the NUA model, we found an increase of
population density within 10 km radial around the city center. The study demonstrates that correlations
between urban growth patterns and various socio-economic factors are worth exploring. Knowing how,
when, and where urbanization occurs allows planners and policymakers to make timely assessment about
the impacts of new policies and to adjust accordingly so as to promote sustainable growth, maintain
cropland, and minimize other environmental, social and economic problems.
Although the study objectives have been met, the study has its limitations, and there is a need for
extended research. While Landsat data generally provide good temporal coverage, its medium spatial
resolution did not allow us to map the internal changes of agricultural land uses such as from paddy rice
to vegetable or to flower plots. Such changes in land use could serve as indicators of urban and
peri-urbanization processes. In addition, we were unable to separate different built-up features such as
industrial land versus residential land or to map urban reforms (such as tearing down old office buildings
and apartments and constructing new ones). These pieces of information are meaningful for urban
pattern analyses and could better support our understanding of population density versus built-up density
change dynamics. Finally, due to the availability of satellite data, this study was only able to observe
urban growth for a 17-year period. This limited our ability to link spatial growth with policy objectives and
their implementation. The current construction master plan for Hanoi has a planning horizon of 30 years and
a projection for 50 years with multiple short to mid-term plans of 5 to 10 years. Therefore, long-term
monitoring data and practices are essential for understanding change over time in urban landscapes and for
overseeing policy objectives. Extended research with a longer monitoring and observation period is needed
to be able to predict urban growth and its potential consequences more accurately.
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