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Abstract 

Recently, Google Earth Engine (GEE) provides a new way to effectively classify land cover utilizing available in-built 
classifiers. However, there have a few studies on the applications of the GEE so far. Therefore, the goal of this study is to 
explore the capacity of the GEE platform in terms of land cover classification in Dien Bien Province of Vietnam. Land 
cover classification in the year of 2003 and 2010 were performed using multiple-temporal Landsat images. Two algorithms 
– GMO Max Entropy and Classification and Regression Tree (CART) integrated into the Google Earth Engine (GEE) plat-
form – were applied for this classification. The results indicated that the CART algorithm performed better in terms of 
mapping land use. The overall accuracy of this algorithm in the year of 2003 and 2010 were 80.0% and 81.6%, respective-
ly. Significant changes between 2003 and 2010 were found as an increase in barren land and a reduction in forest land. This 
is likely due to the slash-and-burn agricultural practice of ethnic minorities in the province. Barren land seems to occur 
more at locations near water sources, reflecting the local people’s unsuitable farming practice. This study may provide use-
ful information in land cover change in Dien Bien Province, as well as analysis mechanisms of this change, supporting en-
vironmental and natural resource management for the local authorities. 
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INTRODUCTION 

Land cover information over large areas is of para-
mount importance for various resources management, poli-
cy purposes and human activities [CIHLAR 2000; KAUR et 
al. 2019; MOHAMMADI et al. 2019; VOGELMANN et al. 
2017; ZURQANI et al. 2018]. Changes in land cover have 
paid attention as the essential factors of global environ-
ment and sustainability studies [LIU, YANG 2015; NOSZ-
CZYK 2019]. These changes come from different variables, 
including socio-economic, environmental, political, tech-
nological, and cultural condition [NOSZCZYK et al. 2017]. 
Statistical-based modelling is a common approach to as-
sess changes in land cover [NOSZCZYK et al. 2017; NOSZ-
CZYK et al. 2020]. However, this method only provides the 
change in temporal but not in spatial scale. In addition, it 
requires multiple-years land cover databases, which may 
not available in many regions, typically in developing 
countries.  

In recent years, remotely sensed data provide a wealth 
of information for land cover change, due to its broad cov-
erage in both temporal and spatial scales [GROSS et al. 
2013; SIDHU et al. 2018]. However, land cover classifica-
tion from satellite imagery is often complex. A common 
procedure for land cover classification using satellite im-
ages is: (1) download satellite images from online storage 
(e.g., USGS Earth Explorer, Copernicus Open Access Hub, 
NASA Earth Data Search); (2) import these satellite imag-
es into a GIS or remote sensing software (e.g., ArcGIS, 
ERDAS); (3) merge multiple images in to one image if it 
has more than one images covering the case study; (4) 
classify land cover using available plugins in the merged 
image of the step (3) [JENSEN 2015; PIMPLE et al. 2018].  

In 2010, Google launched a platform called Google 
Earth Engine (GEE) [USGS 2010], which retains a freely 
accessed 40 years of historical satellite imagery. In addi-
tion, the GEE provides many advanced land cover classifi-
cation algorithms [HU, HU 2019; NYLAND et al. 2018]. 

JOURNAL OF WATER AND LAND DEVELOPMENT 
e-ISSN 2083-4535 

mailto:nguyenluongbang77@tlu.edu.vn
https://orcid.org/0000-0001-6404-7420


Land cover change detection in northwestern Vietnam using Landsat images and Google Earth Engine 163 

 

Therefore, this platform offers a new way to effectively 
classify land cover utilizing available in-built classifiers 
and satellite imagery in it.  

Given the above factors, the goal of this study is to as-
sess land cover change in Dien Bien Province of north-
western Vietnam, using the GEE platform. Being to do 
that, this study classified land cover in the given study in 
two years 2003 and 2010. Then, the changes in land cover 
between these years were analyzed. This study selected the 
Dien Bien Province as a case study because during the last 
decades, it has undergone a great many modifications in 
land cover, specifically in forest land. It is reported that 
deforestation rate in this province is the highest rate in the 
country [LE et al. 2018]. However, there is a little infor-
mation on spatial land cover in this area. Land cover classi-
fication from the GEE is worthy for such area to better 
understand its land changes over time. 

MATERIALS AND METHODS 

CASE STUDY 

Dien Bien is a mountainous province located in north-
western Vietnam that borders Laos and China (Fig. 1). The 
total area of this province is 956,290 ha, with significant 
variation in elevation, from 137 m to 2184 m. The eleva-
tion information was derived from 90 m Shuttle Radar To-
pography Mission (SRTM) (https://www2.jpl.nasa.gov/ 
srtm/). The total population is 512,300 (2011 figure, Gen-
eral Statistics Office of Vietnam), with 21 ethnic groups.  
 

 
Fig. 1. Study area Dien Bien Province with (a) LANDSAT scenes 

cover, figure in each scene denotes path-row; and (b) Digital 
Elevation Model; source: own elaboration 

The province is affected by a tropical monsoon with two 
distinct seasons: the dry season (November–April) and the 
wet season (May–October) [TRAN et al. 2012]. The prov-
ince’s primary economic development consists of agricul-
tural production, livestock farming, forest exploitation, and 
tourist activities [TRUONG 2017]. Land-use changes in this 
region are due to forest plantation, agricultural expansion, 
hydropower construction, and urbanization [HOANG et al. 
2017].  

SAMPLING DATA 

Ground truth data for land cover classification training 
and verification was collected through Google Earth, 
Google Street View, and Open Street Map using a visual 
interpretation. The reasons to select these sources are (1) 
freely accessible; (2) consist of high-quality images; (3) 
suggested by previous studies [DUONG et al. 2018]. This 
study used them to cross-check the sampling results from 
others. The homogenous area of those reference objects 
must be more than 20 m in diameter [DUONG et al. 2018]. 
It can ensure the homogeneity of training samples which 
reduce the chance in false land cover detection later. Based 
on local knowledge, this study categorized land cover into 
six groups, including forest; build-up area; cropland; paddy 
rice; barren land; and water. Illustration examples for each 
category can be seen in Figure 2. In total, this study col-
lected a total of 1489 reference data points in 2003, and 
1801 reference data points in 2010 (Fig. 3). 

LAND COVER CLASSIFICATION WITH GOOGLE 
EARTH ENGINE 

Figure 4 presents a flow chart to classify land cover 
from Landsat data using the supervisor training method. 
The less-cloudy, multiple-temporal Landsat images for the 
selected years (2003 and 2010), were collected and merged 
over the case study. It is ideal that the imagery used for 
land cover detection is free of clouds. However, there al-
ways have substantial amount of water vapor in the atmos-
phere resulting in high relative humidity or haze in certain 
areas in the atmosphere. These mediums can cause a false 
land cover detection from the satellite imagery and there-
fore, it is essential to mark cloudy areas [JENSEN 2015]. 
This study used simple Composite algorithm in Earth En-
gine library to reduce the effect of cloud. From multiple 
temporal images, this algorithm selected the lowest possi-
ble range of cloud scores at each point and then computed 
per-band percentile values from the accepted pixels. 

There are five Landsat scenes with path-row numbers 
as 128-45, 128-46, 129-44, 129-45, 129-46. Details can be 
found at Figure 1a. In 2003, a total of 24 images were col-
lected and these figures in 2010 were 48 images. Details of 
selected images can be found in Table 1. The selection has 
automatically done in the GEE platform. It can be seen that 
more images during the dry season (November–April) 
were obtained that these images during the wet season 
(May–October). This is because that in the dry season, 
there are more chances to get less-cloudy imagery than in 
the wet season. 
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Fig. 2. Different land cover type in the case study; sources: the author, Google Earth and JICA [2016] 

 
Fig. 3. Distribution of reference data in two years: a) 2003, b) 2010; source: own study 

 
Fig. 4. Flow chart of land cover classification; source: own elaboration 
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Table 1. Selected Landsat imagery for land cover classification in 
2003 and 2010 in Dien Bien Province 

LANDSAT 
scenes 

(path-row) 

2003 2010 

n date (mm/dd) n date (mm/dd) 

128-45 10 01/12, 03/01, 04/02, 
04/18, 05/04, 09/25, 
10/27, 11/12, 12/14, 
12/30 

11 01/15, 01/31, 02/16, 
03/20, 04/05, 04/21, 
09/12, 09/28, 10/30, 
11/15, 12/17 

128-46 8 01/12, 02/13, 03/01, 
04/02, 09/25, 10/27, 
12/14, 12/30 

7 01/15, 01/31, 02/16, 
03/20, 04/21, 09/28, 
10/30 

129-44 2 11/19, 12/05 12 01/22, 02/07, 02/23, 
04/12, 04/28, 05/14, 
07/17, 09/19, 10/21, 
11/06, 11/22, 12/24 

129-45 2 11/19, 12/05 10 01/22, 02/07, 02/23, 
03/27, 04/28, 05/14, 
07/17, 09/03, 11/06, 
12/24 

129-46 2 11/19, 12/05 8 02/07, 02/23, 03/27, 
04/28, 05/14, 09/03, 
11/06, 12/24 

Total 24  48  
Explanations: n = total samples. 
Source: own elaboration. 

This study selected two built-in classifiers in the GEE 
– GMO Maximum Entropy and Classification and Regres-
sion Tree (CART) for classifying land cover in the case 
study. These classifiers are all supervised classification, 
which is to be provided pre-defined “reference data” – are-
as are known to be representation of homogenous exam-
ples of land cover types. The classifiers are trained with the 
spectral characteristics of these known areas. Various sta-
tistical parameters, including means, standard deviations, 
covariance metrics, are estimated for each training site. 
Every pixel located in- and out-side the reference sites then 
evaluated and assigned to the land cover category which it 
has the highest likelihood to be [JENSEN 2015]. The GMO 
Maximum Entropy is a multinomial logistic regression 
classifier that is a generalization of linear regression using 
the softmax transformation function. This classifier aims to 
minimize an error function by taking a negative logarithm 
of the likelihood, which means cross-entropy [MCDONALD 
et al. 2009]. The CART is a binary decision tree classifier 
with logical if-then questions, building in a concept of in-
formation entropy. In this technique, the input data is ran-
domly divided into certain of nodes. In each node, one at-
tribute of the data that most effectively splits its set of 
samples into subsets enriched in one class or other is se-
lected [BREIMAN et al. 1984]. The GMO Maximum Entro-
py and the CART were performed in the GEE with  
Classifier.gmoMaxEnt and Classifer.cart available in Earth 
Engine library, respectively. 

The calibration process was performed on 70% of 
ground truth data, then the classification maps were evalu-
ated by the confusion matrix with the rest of the 30% ref-
erence data. In order to evaluate the performances of land 
cover classification, this study used overall accuracy, pro-
ducer’s accuracy, and user’s accuracy based on a confusion 
matrix [JENSEN 2015]. These metrics formulas are as fol-
lows: 

 𝑂𝑂 =  ∑ 𝑥𝑖𝑖
𝑘
𝑖=1
𝑁

100 (1) 

 𝑃𝑃𝑗 =  
𝑥𝑗𝑗
𝑥+𝑗

100 (2) 

 𝑈𝑈𝑖 =  𝑥𝑖𝑖
𝑥𝑖+

100 (3) 

Where: OA, PAj, UAi are overall accuracy, producer’s ac-
curacy for class j, user’s accuracy for class i, respectively; 
xii = the number of observations in row i and column i of 
the confusion matrix; xi+, x+j = the marginal total of row i 
and column j, respectively; N = the total number of sam-
ples. 

The overall accuracy of the classification map is 
a percentage of corrected classified pixels to the total num-
ber of pixels in the confusion matrix. The producer’s accu-
racy is a percentage of corrected classified pixels in a class, 
to the total number of pixels of that class as determined 
from the ground truth data (the column total of the confu-
sion matrix). The user’s accuracy is a percentage of cor-
rected classified pixels in a class to the total number of 
pixels that were actually classified in that category (the 
row total of the confusion matrix). 

RESULTS AND DISCUSSION 

LAND COVER LAND CLASSIFICATION 

Table 2 presents the performances of CART and GMO 
Maximum Entropy, with validation data in 2003 and 2010. 
The overall accuracy values indicated a slightly better per-
formance of CART to GMO Maximum Entropy, which is 
in line with FARDA [2017] and SHELESTOV et al. [2017]. 
Therefore, further detail analysis of the confusion matrix 
and land cover change detection between 2003 and 2010 
were made based on the results from the CART algorithm.  

Table 2. Comparison performance of CART and GMO Maxi-
mum Entropy (OA metric) on land cover classification for cali-
bration data set 

Year 
Overall accuracy 

GMO Maximum Entropy CART 
2003 78.2 80.0 
2010 79.6 81.6 

Source: own study. 

Table 3 presents the confusion matrix and accuracy as-
sessment for land cover classification in the year 2003 and 
2010. According to PLOURDE and CONGALTON [2003], 
a minimum of 50 samples per land cover class are recom-
mended. In this study, apart from water, samples of other 
land cover categories were over 50, ensuring the minimum 
requirement of the sample sizes.  

Generally, the user accuracy exhibited better scores 
than the producer accuracy, demonstrating that the CART 
algorithm could meet the general rule of land cover classi-
fication, where it is better to leave some pixels unclassified 
(producer errors) rather than to have large numbers of user 
errors (assigning a pixel to a class to which it does not be-
long) [JENSEN 2015]. The classification for urban, cropland  
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Table 3. Confusion matrix of land cover classification in 2003 using CART 

Specification 
Ground truth 

Row total PA (%) 
water forest urban crop land rice paddy barren 

2003 

Im
ag

e 

water 33 2 1 0 1 0 37 89.2 
forest 1 114 1 4 3 3 126 90.5 
urban 0 0 44 2 15 0 61 72.1 
crop land 0 5 7 35 3 10 60 58.3 
rice paddy 0 1 2 11 66 2 82 80.5 
barren 0 6 4 3 0 56 69 81.2 

Column total 34 128 59 55 88 71 435 78.6 
UA (%) 97.1 89.1 74.6 63.6 75.0 78.9 79.7 80.0 

2010 

Im
ag

e 

water 45 0 0 0 3 0 48 93.8 
forest 0 145 1 1 2 11 160 90.6 
urban 0 0 54 4 7 1 66 81.8 
crop land 0 7 2 47 5 14 75 62.7 
rice paddy 2 3 3 6 69 1 84 82.1 
barren 0 6 1 15 4 78 104 75.0 

Column total 47 161 61 73 90 105 537 81.0 
UA (%) 95.7 90.1 88.5 64.4 76.7 74.3 81.6 81.6 
Explanations: PA = producer accuracy, UA = user accuracy.  
Source: own study. 

 
Fig. 5. Land cover classification in 2003 and 2010; panel A1 and A2 are zoom in of land cover  

in 2003 and 2010, respectively; source: own study 

and barren lands exhibited low scores in both user accura-
cy and producer accuracy. The urban land is often skewed 
with high variation; therefore, it is challenging to predict 
this. The low performances with regard to cropland and 
barren land were due to these two classes being often 
mixed in this case study. 

LAND COVER CHANGE DETECTION 

The land cover classifications using the CART algo-
rithm, in 2003 and 2010, are illustrated in Figure 5. It can 
be seen that forest land covers almost Dien Bien Province. 
However, in the northwest of the province, there was a sig- 
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Table 4. Land cover change matrix between 2003 and 2010 in Dien Bien Province  

2003 
2010 

water forest urban cropland rice paddy barren total (ha) total (%) 
Water 1,424 340 44 75 505 21 2,409 0.3 
Forest 154 540,916 3,428 49,609 37,372 54,307 685,787 71.7 
Urban 264 3,005 1,903 4,281 1,803 2,485 13,741 1.4 
Cropland 83 35,237 3,734 62,047 14,762 42,576 158,439 16.6 
Rice paddy 632 12,532 2,182 8,841 22,386 2,887 49,461 5.2 
Barren 9 9,109 735 15,925 1,698 18,976 46,453 4.9 
Total (ha) 2,567 601,140 12,025 140,779 78,526 121,253 956,290 100.0 
Total (%) 0.3 62.9 1.3 14.7 8.2 12.7 100.0  
Explanations: bold values denote unchanged areas (ha). 
Source: own study. 

nificant change as built-up area and crop land were re-
placed by barren land. Table 4 presents land cover change 
matrix between 2003 and 2010. Two major changes were 
an increase in barren land and a reduction in forest land. In 
2003, barren land accounted for only 4.9% (46,453 ha) of 
total land. In 2010, this figure increased to 12.7% (121,253 
ha). On the contrary, forest land experienced a significant 
decline of 8.9%, from 71.7% (685,787 ha) to 62.9% 
(601,140 ha) of the total area in 2003 and 2010, respective-
ly. The forest loss mainly was due to a conversion to bar-
ren land (54,307 ha), followed by cropland (49,609 ha), 
and rice paddy (37,372 ha). At the same time, other land 
uses also converted to forest. For example, 35,237 ha of 
cropland was converted to forest, followed by rice paddy 
(12,532 ha). 

BARREN LAND PROBLEM IN DIEN BIEN PROVINCE 

According to land use change analysis at the previous 
section, barren land has increased dramatically during 
2003 to 2010. This is in agreement with previous studies 
[JICA 2016]. Barren land may be caused by (1) cut trees 
for households and wood processing businesses [KIEN, 
HARWOOD 2017], or (2) slash-and-burn agricultural activi-
ties [MEYFROIDT, LAMBIN 2008]. These slash-and-burn 
agricultural activities are more pronounced than logging 
activities in terms of increasing barren land [JICA 2016]. 
That unsuitable farming practice is mainly taken by ethnic 
minorities living in the province. They burn forests on high 
mountainous areas in order to grow crops (cropland). After 
several years, due to their limitations in technological cul-
tivation, the crop-growing lands begin degradation, result-
ing in a reduction in crop quality [MEYFROIDT, LAMBIN 
2008]. Those ethnic minorities then move to other sites to 
renew their cycle of burning forest, growing cropland, and 
leaving it as relatively low-nutrition land. The cropland 
with land degradation is afterward classified as barren 
land. The slash-and-burn agricultural activities affects not 
only deforestation but also loss of habitat and species; 
a reduction in air quality; an increase in accidental fires; 
a risk of soil erosion; and the loss of beautiful mountain 
landscapes. This study highlights the last consequence, 
because eco-tourism is one source of incomes for Dien 
Bien Province.  

Predicting barren land due to slash-and-burn agricul-
ture is of extreme importance. Since ethnic groups are not  
 

well educated, we assume their habits are somehow associ-
ated with natural conditions, with relatively poor cultiva-
tion methods and using water primarily from rainfall and 
natural watercourses for their crop growing lands. The bar-
ren lands were categorized in different groups, which takes 
into account the distance of these lands to watercourses 
(creeks, rivers, lakes, reservoirs). This study found that 
barren land likely occurred among the groups closing to 
the watercourses (0–1,500 m). After 1,500 m, barren land 
exhibited a significant reduction (Fig. 6). This finding 
proved water is one of the essential factors for the move-
ment of ethnic minorities.  

 
Fig. 6. Relationship between barren land and distance to water 

course; source: own study 

LIMITATION AND FURTHER STUDY 

This study has limitations in identifying sampling data. 
Normally, these sites require field trips to collect. Howev-
er, considering the complexity of the study area as well as 
human resource constraints, this study obtained the sam-
pling data through remoted tools, including Google Earth, 
Google Street View, and Open Street Map. 

Further studies can classify more land cover in differ-
ent years, creating land cover database for the given study. 
This will help on land cover modelling and land cover 
trend assessment [NOSZCZYK 2019]. Regarding barren land 
due to the movement of ethnic minorities, other factors 
may affect to this movement, including soil properties, 
slopes, topography, and weather conditions. Further studies 
could investigate on these factors. It can benefit to build 
regression models to predict barren land due to the unsuit-
able farming practice of ethnic minorities.  
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CONCLUSIONS 

1. The GMO Maximum Entropy and CART algo-
rithms integrated into the Google Earth Engine (GEE) plat-
form were applied for land cover classification, with the 
slightly better performance granted to the latter one. The 
overall accuracy of the CART algorithms in the years of 
2003, and 2010 were 80.0% and 81.6%, respectively. 

2. Urban land, cropland, and barren land exhibited 
poor quality in classification. This is because urban is hard 
to predict, while cropland and barren land are often mixed 
in the case study. 

3. Major changes between 2003 and 2010 were found 
as an increase in barren land and a reduction of forest land. 
This is likely due to the slash-and-burn agricultural prac-
tice of ethnic groups in the province. Water resources may 
be an important factor to note in models, to predict barren 
land due to the poor agricultural habits of these ethnic 
groups. 

This study exhibits the capacity of the GEE in classify-
ing land cover. This platform has great advantage in high 
computationally efficiency. Raw satellite imagery datasets 
are already available on the GEE servers so that there is no 
need to download such huge amount of data. This is bene-
ficial to scientists from developing countries where local 
resources (computer, commercial software) are limited. 
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