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Abstract

:

Research on the spatial distribution and dynamic evolution of land use/land cover (LULC) is the basis for land management and ecological protection. However, there is currently a lack of long-term analysis on the evolution of LULC on the national scale in Vietnam. Based on the GLC_FCS30 dataset, this paper analyzed the temporal and spatial evolution of LULC in Vietnam from 2000 to 2020 as well as its driving mechanism using methods such as dynamicity, flow direction diagrams, principal component analysis, and multivariate stepwise regression. The results show that: (1) cropland, forest, and shrubland are Vietnam’s most important land-cover types. In 2020, the above three types of land area accounted for 34.77%, 32.36%, and 26.13% of the total land area, respectively. (2) From 2000 to 2020, the area of cropland and forest areas continued to shrink (−5.64%, −3.96%); the area of shrubland, water bodies, and other land areas expanded (+4.87%, +12.29%, +15.04%); and the area of impervious surfaces expansion was the most significant (+100.40%). (3) The integrated dynamic degree of LULC in Vietnam shows a spatial differentiation of high in the south, followed by the north, and lowest in the center. In the early period (2000–2010), the LULC rate of change in each region was rapid, while it gradually decreased in the later period (2010–2020). The most important LULC changes in Vietnam can be divided into two parts: (a) the mutual conversion of forest, cropland, and shrubland and (b) one-way conversion of cropland to impervious surfaces. (4) LULC changes in Vietnam are mainly affected by economic development and human activities, especially the GDP, population, and urbanization rate. There is no reliable statistical relationship between LULC and climatic factors. The results of this study contribute to the analysis of LULC processes in similar regions, and will also help the Vietnamese government strengthen national land management and planning in a targeted manner.
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1. Introduction


Land is the most fundamental natural resource and material basis for human economic and social activities. Land-use/land-cover (LULC) change is a direct characterization signal through which various human production activities act on the earth’s surface ecological environment [1,2]. LULC is related to many important issues, such as global climate and ecological environment change, the surface energy cycle, and human survival and development [3,4,5]. In the 1990s, the IGBP (the International Geosphere-Biosphere Programme) and IHDP (the International Human Dimensions Programme on Global Environmental Change) jointly launched the “LULC Change Scientific Research Program”. Moreover, the IGBP and IHDP launched the Global Land Program in 2005. In 2010, the United States held the first Open Science Conference on Global Land Program. In 2013, Verburg and other researchers advocated for the establishment of land system science [6,7]. The implementation of these scientific programs, conferences, and initiatives has given scientists around the world and the public a new understanding of the theoretical significance and application value of LULC research.



Since the 1990s, many well-known institutions around the world have developed multiple sets of global land-cover products such as IGBP DISCover [8], GLC2000 [9], MODIS Collections 5 [10], GlobCover 2009 [11], etc. The early LULC products had a low spatial resolution and had no comparable datasets with continuous time-series; therefore, it is challenging to analyze finer time-series-based changes in LULC changes at small scales [12]. Since the 2000s, with the development of High-resolution Earth Observation Technology and remote sensing cloud computing technology, Chen et al. from the China National Basic Geographic Information Center produced GlobeLand30 products with 10-year intervals and a 30 m resolution from 2000 to 2020. The overall accuracy was over 80% [13]. Gong et al. of Tsinghua University produced FROM-GLC10 and FROM-GLC30 products with a 10 m/30 m resolution in 2015 and 2017, and their overall accuracies were 72.76% and 72.43%, respectively [14]. Liu et al. of the Chinese Academy of Sciences developed a five-year interval GLC_FCS30 (Global Land-Cover product with Fine Classification System) covering 30 land-cover types from 1985 to 2020, achieving an overall accuracy of 68.7% [15]. The Copernicus Global Land Service (CGLS) provided CGLS-LC100 at a 100 m resolution for 2015–2019, achieving an overall accuracy of over 80% [16]. Karra et al. developed the 2020 Esri 10 at 10 m resolution with an overall accuracy of 85% [17]. In addition, many scholars have conducted comparative studies on the accuracy of LULC products. Wang et al. compared the consistency of four high-resolution LULC products (LSV10, GLC_FCS30, ESRI10, and Globeland30) on the Indochina Peninsula. The results showed that the overall accuracy of the four LULC datasets was between 72% and 83% [18]. Armel et al. explored the consistency of GLC2000, GLOBCOVER, MODIS, and ECOCLI MAP on the African continent. The results showed that the consistency of the four LULC products was between 56% and 69% [19]. Hu et al. analyzed the consistency of GLOBCOVER2005, GLOBCOVER2009, GLC2000, and MODIS2000 on the European continent, and the results showed that the consistency of the four types of products was between 38.56% and 77.65% [20]. It is clear that the LULC products that have been released in recent years have shown huge improvements in spatial resolution, temporal continuity, and product accuracy of the datasets.



With the support of the above-mentioned LULC datasets, LULC research has continued to be developed and has included analyses of the spatio-temporal patterns in LULC change [21], discussions on the driving force mechanism of LULC change [22], the ecological effects of LULC changes [23], and the monitoring and modeling of LULC changes [24]. From the perspective of research scales, there have been many studies on the global, intercontinental, and transnational scales. For instance, Eric et al. [25] found that the global tropics reflect the trends of cropland, agricultural intensification, pasture expansion, tropical deforestation, and urban expansion and that these trends are driven by climate change, external policy interventions, the pressure of economic development and production on resource scarcity, the weak adaptive capacity of ecosystems, etc. Hu et al. [26] found that the area of cultivated land, forest land, shrubland, grassland, water bodies, and wetlands in Central Asia was increasing, while the area of bare land was decreasing. They also found that cultivated land expansion was influenced by human activities and precipitation; that urban expansion was influenced by population and economic development; and that natural vegetation changes were influenced by climate. In addition to the above-mentioned LULC studies at the intercontinental and transnational scales, studies at the national and regional scales remain critical. These studies at the national and regional scales could reveal the spatio-temporal patterns of local LULC changes in a more specific and profound way as well as reveal, the effects of regional economic, social development, and climate change characteristics on LULC changes. These studies also could provide scientific information for sustainable land development planning, ecological protection, etc., at national and regional levels.



Vietnam is a developing country located in Southeast Asia. Existing research is usually carried out on a smaller regional scale. Disperati et al. [27] studied the temporal and spatial changes in land use/cover in the Tam Giang-Cau Hai Lagoon area in central Vietnam from 1965 to 2014 based on AVHRR and Landsat satellite images using a computer visual interpretation method. Using the maximum likelihood method based on Landsat satellite images, Vu and Shen [28] conducted automatic land mapping in the Dong Trieu District from 2000 to 2019. In general, there is a lack of temporal and spatial analysis studies on LULC changes that have been conducted on a national scale in the Vietnam region. In addition, analyzing the driving mechanisms behind LULC changes in the region has been limited to qualitative analysis rather than quantitative statistical and model simulation. These deficiencies are due to the lack of well-established, reliable, and long-term LULC datasets.



In response to the existing problems in the previous LULC studies conducted in Vietnam, this paper selected the long-term, high-resolution GLC_FCS30 datasets and integrated critical national economic and social development data. Supported by the above data, our study attempts to analyze the spatio-temporal pattern and dynamic changes in Vietnam’s LULC and explore the impact of regional climate, population, and economic development in Vietnam on its land-use/cover change processes. We attempt to answer the following three questions:




	(1)

	
What are the spatio-temporal patterns of land use/cover in Vietnam during the period 2000–2020?




	(2)

	
What are the main drivers of land-use/cover change in Vietnam from 2000 to 2020?




	(3)

	
What are the uncertainties in the analysis of land-use/cover change in Vietnam?










2. Data and Methods


2.1. Study Area


Vietnam is located on the eastern coast of the Indo-China Peninsula in the southeast of the Asian continent (8°10′–23°24′ N, 102°09′–109°30′ E) and borders China to the north and Laos and Cambodia to the west. The territory of Vietnam is S-shaped and has a total area of about 3.3 × 105 km2 (Figure 1). The whole of Vietnam is located south of the Tropic of Cancer and has a tropical monsoon climate and an average annual temperature of about 23°C. Vietnam has a distinct rainy and dry season, with the rainy season being from May to October and the dry season being from November to April of the following year. Due to the differences in latitude and topography, the annual precipitation in various regions of Vietnam ranges from 1200 mm to 3000 mm. In Vietnam, 90% of the precipitation occurs in the rainy season, and the annual average humidity reaches 84%.



The terrain of Vietnam is long and narrow, including the north, middle, and south regions of the country. The northern part of the country is mostly mountainous, with the altitude decreasing from west to east. The western terrain is steep, with an altitude of about 1500–2500 m, and is the highest area in the Indo-China Peninsula. Due to Red River souring, the northern plain is a flat triangular area that is known as the Red River Delta (RRD). The Annan Mountains, which stretch for more than 1200 km through the middle, constitute the backbone of Vietnam’s terrain; Vietnam’s largest plateau, the “West Highland “ (WH), is located in the Annan Mountains. The Mekong Delta (MD) is in the south and has relatively stable terrain and a dense river network. It is the largest and most fertile plain in Vietnam.



The profile of the study area is cited in Socialist Republic of Vietnam Government Porta (http://www2.chinhphu.vn/portal/page/portal/English/TheSocialistRepublicOfVietnam/AboutVietnam/AboutVietnamDetail?categoryId=10000103&articleId=10000505, accessed on 3 June 2022).




2.2. Data Sources


The GLC_FCS30 dataset (2000, 2005, 2010, 2015, 2020) comes from the China Earth Big Data Science and Engineering Data Sharing Service System (https://data.casearth.cn/sdo/list?searchKey=GLC_FCS30, accessed on 3 June 2022). This dataset was developed by Liu at the Institute of Aerospace Information Innovation, Chinese Academy of Sciences. The product contains nine first-level land-cover types and 30 s-level fine land-cover types. The overall accuracy of the first-level classification is 82.5% and the second-level accuracy is 68.7% [29]. According to the actual land distribution in the study area, this paper conducts research on the first-level land types, and the land types (grassland, wetlands) with very small areas are merged (Table 1). To be explained, impervious surface areas (ISAs) are defined as man-made land surface areas that water cannot pass through. They are primarily associated with human activities and habitation through the construction of transportation infrastructure and buildings [30].



Taking into account the need for monthly data accuracy and time horizon, the meteorological data (2000–2020 annual) are from the GLDAS-2.1 [31] and PERSIANN-CDR [32] datasets, both of which have a spatial resolution of 0.25 radians. Both the GLDAS-2.1 and PERSIANN-CDR datasets are global scales, with temporal resolutions of 3 h for GLDAS-2.1 and 1 day for PERSIANN-CDR. We used the Google Earth Engine to calculate the annual total rainfall, rainy season rainfall, and annual average temperature data for Vietnam. The economic and social statistics for 2000–2020 (annual) are from the Vietnam Statistics Office (https://www.gso.gov.vn/, accessed on 3 June 2022) and the World Bank (https://data.worldbank.org.cn/country/vietnam?view=chart, accessed on 3 June 2022). Based on the Meteorological and economic statistics shown in Table 2, this paper aims to establish a system of drivers of LULC change in Vietnam.




2.3. LULC Analysis Method


Integrated land-use dynamics are used to monitor the intensity of integrated land-use changes in the target zone [33]. Furthermore, it reflects an integrated impact of regional human economic and social activities on LULC changes. The calculation method is as follows:


  D =  {    ∑   i = 1  6   (    Δ  S i     S i     )   }  ×  1 T  × 100 %  



(1)




where D is the integrated land-use dynamic degree during the study time period; ΔSi is the total area of LULC type i converted to other land types from the beginning of the study to the end of the study period; Si is the total area of LULC type i at the beginning of the study; and T is the research period.



The single land-use dynamic degree is used to characterize the rate and magnitude of the change in a LULC type within a certain period of time [34]. The calculation method is as follows:


   D i  =    S  i 2   −  S  i 1      S  i 1     ×  1 T  × 100 %  



(2)







In the formula, Di is the dynamic degree of the land-use/cover type at the study time; Si1, Si2 denote the area of the land type i at the beginning and end of the study, respectively.



The land-use transition matrix is used to characterize the land-use change process. This matrix can reflect the land-use structure at the beginning and at the end of the study period and reveal the conversion rate and direction of each LULC type [35]. Using ArcGIS, we could spatially overlay the land-use data between the two periods. The overlayed data could be used to calculate the transition matrix of the LULC types in Vietnam. This matrix can reflect the conversion between various LULC types in Vietnam during the study period. In this paper, we have visualized the transition matrix. Its expression is:


   S  i j   =  [       S  11            S  12      ⋯     S  1 n          S  21        S  22      …     S  2 n        ⋮   ⋮   ⋮   ⋮       S  n 1        S  n 2      ⋯     S  n n        ]   



(3)




where: S denotes the land area; i and j represent the LULC types at the beginning and end of the study period, respectively. n indicates the number of LULC types.




2.4. Analysis of Driving Mechanism


The traditional method correlates all of the drivers at once using a certain model and then identifies the key drivers affecting LULC change. The shortage of the method makes it difficult to eliminate the influence on the final results due to the existence of self-correlation between the driving factors [36].



Before conducting PCA (principal component analysis) and multiple linear stepwise regression analysis, it is necessary to perform a normality test. The normality test is used to check whether or not the data distribution is normal [37]. Normality testing can be conducted using the Shapiro–Wilk test, which uses a database that has not been processed in the frequency distribution table, and is limited to samples between 3 and 50 elements [38]. The significance test of the value of W with Shapiro–Wilk Table 2 can be seen in the probability value (p). Many authors consider the Shapiro–Wilk W statistic to be the best statistic for checking the data normality, especially for small sample sizes [39]. If p > 0.05, then the data is normally distributed. On the contrary, if p < 0.05, then the data are not normally distributed. Its formula is as follows:


  W =     ∑   i = 1  m   a i     (   x  n + 1 − i   −  x i   )   2      ∑   i = 1  n     (   x i  −     x ¯    )   2     



(4)




where:    a i    is a coefficient of the Shapiro–Wilk test (in our study,    a 1  =   0.6646,    a 2  = 0.2413  ), and    x i    are values of the samples    x 1  ,      x   2  ,   … ,  x n    (i.e.,    x 1  ≤  x 2  ≤ … ≤  x n   ). If n is even, let m = n/2, and if n is odd, let m = (n − 1)/2 (in our paper, n = 5, m = 2).    x ¯    is the average of the data.



This paper first carried out the PCA algorithm on 18 factors based on the SPSS platform to eliminate the internal correlation among the factors. The PCA algorithm projects a series of variables onto a few key factors, that is, it derives a few principal components from the original variables. The key factors retain as much information about the original variables as possible and demonstrate non-internal correlations. Thus, the PCA algorithm eliminates data redundancy. Then, regression models are constructed for each LULC change based on the key factors.



PCA is a statistical method for dimensionality reduction. The PCA process can be roughly summarized in two steps: The first step is to perform a linear transformation on a set of variables that may be internally correlated by using orthogonal transformation. The purpose of linear transformation is to transform a set of potentially correlated variables into a set of linearly uncorrelated variables. The second step is to recombine selected variables into a few uncorrelated comprehensive variables. These recombined variables are called principal components. Generally, we use the variance of F1 to indicate the information richness of F1. The larger the variance, the more information F1 contains. If F1 is not enough to express the information of many original indicators, then we consider selecting F2 as an additional indicator. Moreover, if the information already exists in F1, then it is not necessary to present the information in F2 nor in F3, F4...FP. Its construction formula is as follows:


   F p  =  A  1 i        ∗   Z    X 1   +  A  2 i        ∗   Z    X 2   + ⋯ +  A  p i        ∗   Z    Xp    



(5)




where A1i, A2i,  … , Api are the eigenvectors corresponding to the eigenvalues of the covariance matrix of the variable X, and ZX1, ZX2,  … , ZXp are the values of the original variables after the Z standardization process.



LULC change is affected by many factors. In order to predict the dependent variable more effectively, this paper uses multiple linear stepwise regression to select the optimal combination from multiple independent variables. In this study, each land-use/cover type is the dependent variable. Additionally, climate, population, economic and social development, and other indicators are the independent variables. A multiple linear stepwise regression analysis is carried out with the support of the R language software platform. The multiple regression model is as follows:


  Y = β +  α 1       X   1  +  α 2       X   2  + ⋯ +  α n   X n   



(6)







In the formula, α1, α2, …, αn represent the correlation coefficient, β is a constant term, Y is the dependent variable, and X is the independent variable.





3. Results


3.1. Spatial Distribution


Statistics for various types of land areas in Vietnam in 2020 show that (Figure 2): in Vietnam, cropland (total area 11.46 × 104 km2, accounting for 34.77% of the area) and forest land (10.67 × 104 km2, 32.36%) were the main land-cover types, followed by shrubland (8.61 × 104 km2, 26.13%), impervious surfaces (1.22 × 104 km2, 3.72%), water bodies (0.81 × 104 km2, 2.45%), and other land types (grassland, wetlands) (0.19 × 104 km2, 0.57%).



Nationally, cropland is widely distributed and is mainly concentrated in the two major plains of the Red River Delta in the north and the Mekong River Delta in the south, followed by the coastal region in the north-central and the south-central and the West Highland areas. Forest land and shrubland are mainly distributed in the mountainous areas of the Northwest, the Northeast, the North Central Coast, and the South-Central Coast. Impervious surfaces are scattered throughout the study area, with HoNoi and Ho Chi Minh being the most densely distributed. Water bodies are distributed in the Red River system in the northeast and the Mekong River basin in the south. The other land-cover type is distributed in the Northwest area, the eastern coast of the Ho Chi Minh City region, and the coastal area of the Mekong River Delta.



From a regional perspective, the Northwest region of Vietnam was dominated by forest and shrubland, of which forest accounts for 41.8%, shrubland accounts for 41.7%, and cropland accounts for only 13.7%. Most Northeast areas comprise cropland, forest, and shrubland (21.3%, 33.8%, and 41.8%, respectively). The Red River Delta mainly consists of cropland and impervious surfaces, which account for 71.2% and 17.4% of the region’s land area, respectively. The South-Central Coast mainly consists of cropland, forest, and shrubland (30.1%, 38.9%, and 24.7%, respectively). The West Highland is dominated by forest (47.5%) followed by cropland and shrubland (31.8%, 18.4%, respectively). The Southeast mainly consists of cropland (41.5%) followed by forest and shrubland, which account for 23.6% and 19.6% of the region’s land area. Most of the Mekong River Delta area is cropland, which accounts for 84% of the land in the Mekong River Delta region.




3.2. Spatio-Temporal Dynamic Changes


From 2000 to 2020, the impervious surfaces throughout Vietnam expanded greatly, while the cropland and forest areas decreased. In the meantime, the area of shrubland, water bodies, and other land types have expanded to varying degrees. The impervious area changed significantly from 6.10 × 103 km2 to 12.21 × 103 km2 from 2000 to 2020. The absolute growth is 6.11 × 103 km2, showing a relative increase of 100%. The cropland and forest area decreased sharply (−6.86 × 103 km2, −4.40 × 103 km2, respectively), decreasing by 5.56% and 3.96%, respectively. The shrubland area increased by 4 × 103 km2 or by about 4.87%; the water body and other land areas increased little (+0.89 × 103 km2, +0.25 × 103 km2, respectively), but the growth rate was more significant (+12.29%, +15.04%, respectively) due to their smaller relative areas.



In terms of the change in dynamic degree, the rate of LULC change increased rapidly in the early period (2000–2010) and decreased rapidly in the later period (2010–2020). In 2000–2005 and 2005–2010, the integrated dynamic degree of LULC in Vietnam was 7.52% and 6.43%, respectively. The integrated dynamic degree of LULC in Vietnam gradually decreased to 5.87% and 5.53% in 2010–2015 and 2015–2020, respectively. There are significant differences in the integrated dynamic degree in northern, central, and southern Vietnam, and the highest was in the south, followed by the north, and the lowest was in the middle (Figure 3). From 2000 to 2005 (Figure 3A), the Mekong River Delta and the Southeast regions demonstrate the most active land change, showing integrated dynamic degrees of 14.10% and 13.96%, respectively, mainly due to the decrease in cropland. This was followed by the West Highland (9.99%), whose land-use change was mainly due to the decrease in forest areas. The integrated dynamic degree of land use in other regions ranges from 6.27% to 8.91%. From 2005 to 2010 (Figure 3B), in addition to the increase in the integrated dynamic degree of land use in the West Highland region, it was as high as 13.53%, which was mainly due to the substantial reduction in forest areas. The integrated dynamic degree of land use in other regions showed an obvious downward trend (mostly between 5.19% and 8.41%, Southeast was 11.32%). From 2010 to 2015 (Figure 3C), with the exception of the Northwest region, which increased to 12.04%, the integrated dynamic degree in other regions continued to show a downward trend (mostly between 4.42% and 6.94%, while the West Highland was 11.03%). By 2015–2020 (Figure 3D), the integrated dynamic degree of land-use cover in each region was generally low, ranging from 3.35% to 8.47%. It is noteworthy that the degree of land-use change in the North Central Coast region was low from 2000 to 2020, and its integrated dynamic degree was between 2.28% and 4.42%. Land-use change in the North Central Coast region was mainly caused by reductions in cropland.




3.3. Source and Destination


By analyzing the area and composition of LULC change in Vietnam from 2000 to 2020 (Figure 4), we found that the conversion areas of all of the LULC types were 1.7 × 104 km2 (5.16%) from 2000 to 2010, and 2.0 × 104 km2 (6.07%) from 2010 to 2020. The most important LULC change processes in different periods are the interconversion among forest, cropland, and shrubland, and the one-way conversion of cropland to impervious surfaces. In addition, there are a few other LULC changes, such as the conversion of forest and shrubland to impervious surfaces, the interconversion between water body and cropland, etc.



From 2000 to 2020, cropland decreased at an annual rate of about 0.28%, and the overall cropland showed a downward trend. The area of lost cropland totaled 14.73 × 103 km2, which was mainly converted to forest land (21.69%), shrubland (34.09%), and impervious surfaces (36.07%), most of which were distributed in the Southeast and Red River Delta. Moreover, cropland area grew by 7.88 × 103 km2, mainly from forest (55.04%) and shrubland (40.15%), mostly in the Southeast and West Highland, with little forest and shrubland being distributed in the North Central Coast and the South-Central Coast (Figure 5A).



The forest area also showed a decreasing trend, showing an integrated dynamic degree of LULC of −0.20%. In total, 10.79 × 103 km2 of forest area was lost, mainly to cropland (40.20%) and shrubland (54.20%). During the same period, forest area increased by 6.39 × 103 km2, mainly from cropland (50%) and shrubland (49.50%). The forest conversion process was mainly concentrated in the South-Central Coast, the West Highland region, and the Southeast (Figure 5B).



The integrated dynamic degree of shrubland was 0.24%, and the area continues to increase. In total, 6.90 × 103 km2 of shrubland area was lost, mainly to cropland (45.84%) and forest (45.85%), most of which was mainly distributed in the North Central Coast, the South-Central Coast, the West Highland region, and the Southeast. Shrubland area increased to10.90 × 103 km2, mainly from cropland (46.06%) and forest (53.64%). These increases mainly occurred in the Southeast, the West Highland region, and the South-Central Coast (Figure 5C).



For impervious surfaces, the area gained was much larger than the area lost due to the effects of solid and continuous human activities. Furthermore, the process of impervious surface loss does not occur in some small-scale areas. In Vietnam, from 2000 to 2020, the integrated dynamic degree of impervious surfaces was as high as 5.02%. The net gain in the area of impervious surfaces was 6.12 × 103 km2 and was mainly from cropland (86.81%); some obvious change was concentrated in the Red River Delta, the West Highland region, and the Mekong River Delta (Figure 5D).



Water bodies showed a slight increasing trend, and their integrated dynamic degree was 0.61%. There was a decrease in the water body area of 0.45 × 103 km2, and this area was mainly converted to cropland (75.96%), mostly in the Mekong River Delta. During the same period, there was an increase in the area of 1.33 × 103 km2, mainly from cropland (73.39%), which occurred in all regions (Figure 5E).



The integrated dynamic degree of other land was 0.75%, and the area continued to increase. In addition, other land types (grassland and wetlands) only lost 0.07 × 103 km2 of their total area, mainly to cropland, and these losses were sporadically distributed in the Northwest region. During the same period, other land area types demonstrated a 0.31 × 103 km2 increase in their total area, mainly from cropland, mostly in the Mekong River Delta (Figure 5F).




3.4. Economic, Social, and Climate Change


Based on the statistical indicators of Vietnam’s economic and social development from 2000 to 2020 (annual) in Table 2, we analyzed the climate, economic, and social changes in Vietnam from 2000 to 2020. Additionally, we used the simple linear regression and exponential regression (GDP, population growth rate) methods to calculate their trends, which made it easier to study the driving mechanism. The details are as follows:



From 2000 to 2020, Vietnam’s climate generally showed a slight warming and drying trend. For many years, the average annual temperature has been 23.1 °C and has shown an overall increasing trend (0.5 °C/10a) over the past 20 years. The change in the total precipitation in the rainy season from 2293.76 mm in 2000 to 2117.78 mm in 2020 is basically consistent with the total annual precipitation, which also shows a downward trend (Figure 6A).



The total population of the country is demonstrating a high growth trend. The annual growth rate of the country’s total population is 9.91‰, with a total increase of 17.43 million people in the past 20 years. Among them, the rural population has increased by 559,300, and the urban population has increased by 16,868,900. Urbanization is developing rapidly. The urbanization rate is steadily increasing, increasing from 24.6% in 2000 to 37.3% in 2020, with an annual increase of 6.3 percentage points (Figure 6B).



Vietnam’s national economy is developing rapidly. The average annual growth rate of the national GDP is 11.4%, from USD 31.173 billion in 2000 to USD 271.158 billion in 2020. The value-added from the primary industries and the value-added from secondary industries maintained the same rapid growth trend as the GDP. Due to the rapid development of tertiary industries, the proportion of the primary and secondary industries in the GDP shows a downward trend (Figure 6C).



From 2000 to 2020, the national grain output showed a rapid upward trend (8.2 × 105 t/a), from 3.5 × 107 t in 2000 to 4.8 × 107 t in 2020. Compared to grain output, the rising trend of fruit production and aquaculture production was more significant (annual growth rates of 6.3 × 104 t/a and 2.1 × 105 t/a), from 7.7 × 105 t and 5.9 × 105 t in 2000 to 22.8 × 105 t and 47.3 × 105 t in 2020. In addition to the obvious increase in material production, the value of the exports from agriculture, forestry, and aquaculture has also increased significantly. The average annual growth rate of the export value of agricultural, forestry, and aquaculture products reached 9.2 × 108 USD/a, 1.8 × 108 USD/a, and 4.2 × 108 USD/a. Compared to 2000, the export value of agricultural, forestry, and aquaculture products in 2020 was 7.7 times, 60.9 times, and 5.9 times higher than before (Figure 6D).




3.5. Driving Forces and Driving Mechanisms of LULC


We calculated the W values of all of the independent variables using Formula (4), and the p-value was obtained by linear interpolation based on Table 2 of the Shapiro–Wilk Tables. For example, we calculated the W value of the total annual precipitation (X1) to be 0.966, and we then looked for a value of 0.966 when n = 5 in Table 2 of the Shapiro–Wilk Tables to determine whether the p-value lies between 0.50 (W = 0.927) and 0.90 (W = 0.979). Using the linear interpolation value of 0.966 between these values, we determined that the p-value is 0.80. Since the p-value = 0.80 > 0.05, we retain the hypothesis that X1 is normally distributed. According to this, we can conclude that all of the independent variables (X1–X18) in our study are normally distributed (Table 3). Since the p-value is based on linear interpolation, it is not very accurate, but the important thing is that it is much higher than 0.05, meaning that our normality test has a high degree of confidence.



Since the 18 factors in the statistic have different units of measurement, the magnitude of their values varies widely. We first standardized the data so that all of the variables had the same standard deviation. Then, PCA was performed in SPSS. The PCA showed that (Table 4) the information on the changes in the 18 indicators in Vietnam over the past 20 years can be summarized in two dimensions. The priority principal component, F1, is the economic and social development feature, which is highly positively correlated with 10 factors: the gross population (X4), urban population (X6), urbanization rate (X7), gross domestic product (X8), agricultural value-added (X9), industrial value-added (X10), cereal production (X13), aquaculture production (X14), export value of agricultural products (X16), and export value of fish products (X18). F2 is the climate change dimension and has a strong positive correlation with two factors: the total annual precipitation (X1) and rainy season precipitation (X2). In terms of the contribution of F1 and F2, the effect of F1 is much more significant than F2 (84.04% vs. 10.75%).



We took the area of various land-use types as the dependent variables and the two principal components as the independent variables. By applying the multiple linear stepwise regression method, we obtained the regression models of the area of each category with the principal components F1 (economic and social) and F2 (climate change) (Table 5). The results reveal that the cropland area was significantly negatively correlated with F1, which indicates that with the improvement of national economic and social development level in Vietnam, the cropland area in the country has decreased. In contrast, there was a significant positive correlation between F1 and the area of three land-cover types: impervious surfaces, shrubland, and water bodies. The positive correlation reveals that with the improvement of Vietnam’s national economic and social development level, the area of impervious surfaces, shrubland, and water bodies will continue to increase accordingly. The forest area is negatively correlated to F1 and F2. This simultaneous correlation shows that with the improvement of Vietnam’s national economic and social development level and the increase in precipitation, the forest area in the country will gradually decrease. In general, the changes in the major LULC types in Vietnam are mainly affected by economic and social development changes, while climate change only affects the forest area.



Furthermore, we used six land area types as dependent variables and the following twelve explanatory factors as input variables: X4, X6, X7, X8, X9, X10, X13, X14, X16, and X18 in F1 and X1 and X2 in F2. Then, we established the multiple linear regression models of the different land-use types (Table 6). This model indicated that the cropland area is significantly negatively correlated with the urban population (X6) and significantly positively correlated with GDP (X8). In addition, the impervious surface area has a significant positive correlation with the urbanization rate (X7) but a significant negative correlation with the urban population (X6). The water area has a significant positive relationship with aquaculture production (X14). There is no reliable statistical relationship between the forest and shrubland areas and the related economic, social, and climatic factors. The above results reveal that the main LULC type changes in Vietnam are mainly influenced by core economic and social development factors such as the GDP size, urban population size, and urbanization rate. Except for the water body area being directly related to aquaculture production, other industry development factors (physical quality factor, value quantity) have no plausible impact on LULC use. All of the climate change factors have no plausible impact on LULC change.





4. Discussion


4.1. Land Change and Its Impacts and Recommendations


In our study, from 2000 to 2020, Vietnam’s cropland and forest area decreased, the area of impervious surfaces expanded significantly, and shrubland, water bodies, and other land types increased in area to varying degrees. This finding is consistent with regional-scale findings by Disperati [27] in central Vietnam, Tran [40] in the southern Mekong Delta, and Nguyen [41] in Ca Mau, etc. Their research also indicates that the cropland and forest area was shrinking, construction land area was expanding rapidly, and the area for aquaculture was increasing in Vietnam’s leading economic regions. On the other hand, as a developing country located in the tropics and subtropics, Vietnam’s LULC change trends are similar to those of other similar developing countries globally. Muhammad’s [42] study of the Perak River Basin in Malaysia and the Ning et al. [43] study of China suggest that the typical mechanism of change in developing countries was that an area expansion of built-up land usually comes at the cost of a shrinking area of cropland and forest.



This paper pointed out that in the past 20 years, most of the net transfer of forest from Vietnam has become shrubland, while most of the net transfer of cropland has become impervious surfaces, and a small part of cropland has become water and wetlands. The changing LULC trend, that is, semi-artificial ecosystems turn into strong artificial intervention ecosystems, and high-productivity ecosystems turn into low-productivity ecosystems, is actually a process of indicating a deteriorating ecosystem structure. This deterioration process will further lead to a decline in Vietnam’s national ecological services functions (especially ecosystem supply, water conservation, biodiversity energy, and food production, etc.). The above decline would further affect the stability of regional ecosystems and the sustainability of national economic and social development. Therefore, the Vietnamese government should learn from the experiences and lessons of other developing countries and learn from the advanced concepts and practices of ecological protection being implemented in developed countries. The Vietnamese government should also introduce legislation jobs covering aspects of land planning and management, such as national basic farmland protection [44], national forest park reserve system [45], and intensive urban construction [46], immediately.




4.2. Drivers of Land Change


Research on the driving mechanism of land-use/cover change at the global scale shows [47] that 60% of land-use/cover change can be attributed to human economic and social development activities and that 40% of LULC changes are related to factors such as climate change. However, our study shows that LULC change in Vietnam is mainly affected by the country’s economic and social development factors and is especially influenced by some crucial factors such as GDP, urban population, and the urbanization rate. Furthermore, climate change does not significantly influence LULC change in Vietnam. The reason for research differences is that Vietnam is in the tropical monsoon climate zone, and temperature or precipitation have never been the key factors restricting changes in the country’s land surface ecosystem. In global-scale research, climate change factors will inevitably become the driving factors of LULC change since researchers need to consider those countries or regions located in arid or severe cold zones.



In fact, in Vietnam, the water bodies land-cover type is the most likely to be affected by climate change and also has no reliable statistical relationship with precipitation. In the past 20 years, the trends of climate change have demonstrated a continuous slight increase in temperature and that the total annual precipitation continues to decrease. However, to resist the impact of drought and to develop high value-added aquaculture, the government and the public have expanded the area dedicated to pond culture and water conservancy projects [48,49,50]. This paper also further reveals that there is a statistically positive relationship between changes in the water bodies area in Vietnam and the country’s aquaculture production (not the value of aquatic product exports). Obviously, the expansion of water body areas will lead to an increase in fishery output. However, the increase in aquaculture output does not necessarily lead to an increase in the export revenue of aquatic products. The irrelevance of the aquaculture output value and export revenue of aquatic products may be because of the rising share of the domestic consumption of aquatic products and the fluctuation (decrease) in the international market price of aquatic products.




4.3. Uncertainty of the Study


The results of our study may still have uncertainties in some specific areas (such as mountains, and coastal zones) and some specific land-cover types (such as grasslands, shrubland, wetlands, etc.). Some scholars have pointed out that the GLC-FCS30 dataset is highly accurate for large-area, contiguous forests, and cropland. However, in the staggered areas of different land types and in areas with a particular type of terrain (mountains), the reliability of the dataset decreases sharply [51]. A fine-grained analysis by Linyucheva et al. in the Čiovo region of Vietnam also showed that the GLC-FCS30 dataset demonstrates more misclassification areas along the coastal zone area [52]. In addition, our study of the impervious surface area in Vietnam in this paper shows no transfer of impervious surfaces on the national scale in Vietnam, which is unreasonable for LULC timing change analysis at a 30 m resolution. As a developing country with rapid urbanization and modernization, although the area of impervious surfaces is increasing, a small number of impervious surfaces will be transformed into urban parks and green areas in some areas due to urban planning and urban renewal. Therefore, it is reasonable to consider that the developers of the GLC-FCS30 dataset may have experienced some misunderstandings when formulating the post-processing rules for the temporal changes of the impervious surfaces. The development of national-scale LULC products with specific classification systems is an important direction for future land mapping.



This study provides an effective technical method for analyzing the driving mechanism of LULC change. Our method first extracts the critical driving factors using principal component analysis and then establishes an association model by applying the multiple linear stepwise regression method. Our method is simple and provides a reference to similar research works in other countries and regions. However, it should be clearly pointed out that the linear regression modeling method based on correlation analysis is not an ideal method for judging the causal mechanism. The critical problem of the principal component analysis-multiple linear stepwise regression method is that the method on the driving mechanism of LULC change is based on the macro-scale. Furthermore, this method does not try to characterize or identify the spatial characteristics of the driving mechanism of LULC change. Moreover, this method attempts to simplify the complex, nonlinear driving relationships to the univariate or multivariate linear relationships [53,54,55,56]. Applying and developing artificial intelligence modeling methods (Geospatial Artificial Intelligence, GeoAI) based on big data and spatial reasoning, as well as the study of spatial variability based on spatially fine-scale (regional, provincial administrative areas) may be the leading direction for understanding and characterizing the driving mechanism of LULC change [57,58].





5. Conclusions


Based on the global public LULC dataset and authoritative economic and social statistical data, this paper analyzed Vietnam’s LULC change from 2000 to 2020 using dynamic degree, flow direction analysis, principal component analysis, and correlation analysis. The spatio-temporal patterns of the LULC change in Vietnam revealed the impact of economic and social development on LULC. Moreover, we also briefly discussed the potential impact of changes in LULC on national sustainable development and the uncertainty in research. Our research aims at the latest and longest time-series analysis of LULC variation patterns and mechanisms on a national scale.



Our research suggested that Vietnam’s LULC types are dominated by cropland, forest, and shrubland. In the past 20 years, the area of Vietnam’s cropland and forest area has decreased, while the shrubland, water body, and other land-use areas have shown an increasing trend, and impervious surface area has shown a high expansion trend. LULC changes in Vietnam are mainly influenced by human economic activities and have no statistical relationship with climate changes or fluctuations. The current LULC changes in Vietnam tend to be detrimental to the stability and sustainable development of the ecosystem, and the Vietnam government needs to pay attention and take targeted measures.



This paper established a LULC spatio-temporal evolution analysis method based on the GLC-FCS30 datasets. Simultaneously, we provide a driving mechanism analysis method based on principal components and multiple linear stepwise regression analysis. This technical route may be adapted to other countries and regions. However, this method also has some shortcomings, such as relying on the basic LULC data, and the driving factors of the modeling process have been over-simplified. For future work, on the one hand, we should improve the accuracy of the basic data. On the other hand, we need to focus on building artificial intelligence modeling methods (Geo-AI) based on big data and spatial reasoning to improve the credibility of the drive mechanism.
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Figure 1. Location and topography map of Vietnam. NW: Northwest, NE: Northeast, RRD: Red River Delta, NC: North Central Coast, SC: South Central Coast, WH: West Highland, SE: Southeast, MD: Mekong River Delta. 
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Figure 2. Land-use/land-cover map in 2020. NW: Northwest, NE: Northeast, RRD: Red River Delta, NC: North Central Coast, SC: South Central Coast, WH: West Highland, SE: Southeast, MD: Mekong River Delta. 
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Figure 3. The spatial distribution map of integrated dynamic degree of LULC in Vietnam. 
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Figure 4. LULC transition plot in Vietnam during 2000–2020. 
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Figure 5. Spatial distributions of different LULC gains/losses during 2000—2020. 
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Figure 6. Development status in Vietnam from 2000 to 2020. (A) Climatic factors, (B) Population factors, (C) Economic factors, (D) Production and export factors. 
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Table 1. LULC classification system in Vietnam.
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	Code
	Level 1 Classes
	GLC_FCS30 LULC ID
	Level 2 Classes of GLC_FCS30





	1
	Cropland
	10
	Rainfed cropland



	
	
	11
	Herbaceous cover



	
	
	12
	Tree or shrub cover (orchard)



	
	
	20
	Irrigated cropland



	2
	Forest
	51
	Open evergreen broadleaved forest



	
	
	52
	Closed evergreen broadleaved forest



	
	
	61
	Open deciduous broadleaved forest (0.15 < fc < 0.4)



	
	
	62
	Closed deciduous broadleaved forest (fc > 0.4)



	
	
	71
	Open evergreen needle-leaved forest (0.15 < fc < 0.4)



	
	
	72
	Closed evergreen needle-leaved forest (fc > 0.4)



	3
	Shrubland
	120
	Shrubland



	
	
	121
	Evergreen shrubland



	4
	Impervious surfaces
	190
	Impervious surfaces



	5
	Water body
	210
	Water body



	
	
	220
	Permanent ice and snow



	6
	Other
	130
	Grassland



	
	
	180
	Wetlands
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Table 2. Indicators and their categories of economic and social development statistics from 2000 to 2020.






Table 2. Indicators and their categories of economic and social development statistics from 2000 to 2020.










	Category
	Index
	Unit





	Climate
	X1 Total annual precipitation
	mm



	
	X2 Rainy season precipitation
	mm



	
	X3 Average annual temperature
	°C



	Social development
	X4 Gross population
	10,000 people



	
	X5 Rural population
	10,000 people



	
	X6 Urban population
	10,000 people



	
	X7 Urbanization rate
	%



	Economic development
	X8 Gross Domestic Product (GDP)
	100 million (current USD)



	
	X9 Agricultural value added
	100 million (current USD)



	
	X10 Industrial value added
	100 million (current USD)



	
	X11 Agricultural value added as a share of GDP
	%



	
	X12 Industrial value added as a share of GDP
	%



	
	X13 Cereal Production
	kt



	
	X14 Aquaculture Production
	kt



	
	X15 Fruit Production
	kt



	
	X16 Export value of agricultural products
	100 million (current USD)



	
	X17 Export value of forest products
	100 million (current USD)



	
	X18 Export value of fish products
	100 million (current USD)







Note: X1-X3 are from the GLDAS-2.1 and PERSIANN-CDR datasets; X14-X18 are from the Vietnam Statistics Office (https://www.gso.gov.vn/, accessed on 3 June 2022), and the rest of the indicator data are from the World Bank (https://data.worldbank.org.cn/country/vietnam?view=chart, accessed on 3 June 2022).
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Table 3. Normality test of independent variables.
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Variables

	
Description

	
W-Value

	
p-Value

	
Shapiro-Wilk Tables 2 for n = 5




	
W

	
p






	
X1

	
Total annual precipitation

	
0.966

	
0.80

	
0.686

	
0.01




	
X2

	
Rainy season precipitation

	
0.941

	
0.61




	
X3

	
Average annual temperature

	
0.895

	
0.39

	
0.715

	
0.02




	
X4

	
Gross population

	
0.984

	
0.93




	
X5

	
Rural population

	
0.913

	
0.45

	
0.762

	
0.05




	
X6

	
Urban population

	
0.980

	
0.92




	
X7

	
Urbanization rate

	
0.984

	
0.94

	
0.806

	
0.1




	
X8

	
Gross Domestic Product (GDP)

	
0.946

	
0.65




	
X9

	
Agricultural value added

	
0.936

	
0.57

	
0.927

	
0.5




	
X10

	
Industrial value added

	
0.946

	
0.65




	
X11

	
Agricultural value added as a share of GDP

	
0.937

	
0.58

	
0.979

	
0.9




	
X12

	
Industrial value added as a share of GDP

	
0.914

	
0.46




	
X13

	
Cereal Production

	
0.948

	
0.66

	
0.986

	
0.95




	
X14

	
Aquaculture Production

	
0.984

	
0.93




	
X15

	
Fruit Production

	
0.931

	
0.53

	
0.991

	
0.98




	
X16

	
Export value of agricultural products

	
0.911

	
0.45




	
X17

	
Export value of forest products

	
0.884

	
0.36

	
0.993

	
0.99




	
X18

	
Export value of fish products

	
0.968

	
0.82
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Table 4. Rotated component matrix of the PCA.






Table 4. Rotated component matrix of the PCA.





	
Variables

	
Description

	
Component




	
F1-Economic and Social Development

	
F2_Climate Change






	
X1

	
Total annual precipitation

	
−0.614

	
0.736




	
X2

	
Rainy season precipitation

	
−0.748

	
0.652




	
X3

	
Average annual temperature

	
0.933

	
−0.158




	
X4

	
Gross population

	
0.990

	
0.129




	
X5

	
Rural population

	
0.741

	
−0.633




	
X6

	
Urban population

	
0.984

	
0.166




	
X7

	
Urbanization rate

	
0.989

	
0.131




	
X8

	
Gross Domestic Product (GDP)

	
0.970

	
0.229




	
X9

	
Agricultural value added

	
0.986

	
0.142




	
X10

	
Industrial value added

	
0.963

	
0.243




	
X11

	
Agricultural value added as a share of GDP

	
−0.939

	
0.060




	
X12

	
Industrial value added as a share of GDP

	
−0.730

	
0.117




	
X13

	
Cereal Production

	
0.975

	
−0.222




	
X14

	
Aquaculture Production

	
0.989

	
0.133




	
X15

	
Fruit Production

	
0.913

	
0.382




	
X16

	
Export value of agricultural products

	
0.993

	
−0.001




	
X17

	
Export value of forest products

	
0.927

	
0.328




	
X18

	
Export value of fish products

	
0.991

	
0.114




	

	
Variance (%)

	
84.04%

	
10.75%




	

	
Eigenvalues

	
15.13

	
1.02
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Table 5. Relationships between land-cover change and principal components in different types.






Table 5. Relationships between land-cover change and principal components in different types.





	Cropland
	  Y 1 =   117862.5     * * *   − 2651.8 × F  1    * *   − 211 × F 2                          R2 = 0.97, p < 0.05



	Impervious
	  Y 4 =   9290     * * *   + 2409.6 × F  1    * * *                                                           R2 = 0.98, p < 0.001



	Shrubland
	  Y 3 =   83734.1     * * *   + 1452.6 × F  1    * *   + 512.1 × F 2                        R2 = 0.97, p < 0.05



	Water
	  Y 5 =   7665.7     * * *   + 370.3 × F  1    * * *                                                          R2 = 0.98, p < 0.001



	Forest
	  Y 2 =   109151.58     * * *   − 1680.6 × F  1    * *   − 436.5 × F  2    *                    R2 = 0.99, p < 0.05







Note: the significance test symbol * is p < 0.05, ** is p < 0.01, and *** is p < 0.001.
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Table 6. Multivariate linear stepwise regression results of the area of land-use types and driving factors.






Table 6. Multivariate linear stepwise regression results of the area of land-use types and driving factors.





	Cropland
	  Y 1 =   136200     * * *   − 8.1 × X  6    * *   + 2.8 × X  8    *                                    R2 = 0.99, p < 0.001



	Impervious
	  Y 4 = −   15420     * *   − 8.2 × X  6    * *   + 1541 × X  7    * *                                R2 = 0.99, p < 0.001



	Water
	  Y 5 =     8370.6     * *   − 0.7 × X 2 + 0.2 × X  14    *                                    R2 = 0.97, p < 0.05







Note: the significance test symbol * is p < 0.05, ** is p < 0.01, and *** is p < 0.001.
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