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Abstract 
The Tan Rai Bauxite Project, which exploits a large bauxite mine in Lam 
Dong province, Vietnam has been in operation since 2012. In addition to the 
economic efficiency of the project, bauxite mining and processing uses a large 
area arable land and affect the regional environment. Remote sensing technol-
ogy is increasingly widely used in many purposes in monitoring the changes 
of environment and resources, including land use change with high accuracy, 
giving managers more information to monitor the exploitation and use pro-
cess of land resource. This study used a Change Vector Analysis (CVA) method 
of analysis on various remote sensing data sources to monitor the process of 
land exploitation and restoration of the Tan Rai Bauxite project. High-resolution 
remote sensing images were used as diverse as SPOT-5, VNREDSat-1, Google 
Earth from 2013 to 2019 to demonstrate the ability of the MCVA method to 
combine many other types of remote sensing images together. The results of 
fluctuation analysis were validated by 200 random points in the study area, 
and the accuracy of result is more than 90%. The results of land use change 
statistics were also compared with the annual data of Tan Rai Bauxite Facto-
ry. From this study, it can be concluded that the MCVA analysis method can 
quickly detect land use change areas and can combine many different image 
sources with a high accuracy. In addition, it also provides statistics of mining 
areas and restored areas, thereby assisting managers in monitoring the opera-
tion of the mine. 
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1. Introduction 

The Central Highlands of Vietnam is a highland area which includes in 5 prov-
inces (Kon Tum, Gia Lai, Dak Lak, Dak Nong and Lam Dong) with approxi-
mately 16.8% of the country’s natural area. It has diverse and rich mineral re-
sources with large reserves included in peat, brown coal, kaolin clay and some 
heavy metals, bauxite and iron…. Tan Rai Bauxite Project is one of the major 
Bauxite mining projects in Lam Dong province that was started in 2008 and has 
been in operation in 2012. The total land use area for mining is more than 1600 
hectares with a mining capacity about 4,318,000 tons annually. Unfortunately, 
the bauxite processing and mining over the years has affected the regional envi-
ronment as well as changing of land cover. The leveling, building factories 
caused to fluctuation the landscape, reduce the ecosystem or pollute water re-
sources by the discharge from the operation of these factories. Hence, it is nec-
essary to find a method for monitoring and observing land cover changes by the 
operation of bauxite mine. According to that it helps the managers to support 
the efficient and sustainable solutions for using natural resources. 

The development of space technology, typically artificial satellites, has created 
a new era for monitoring land cover changes in wide area with fast updating and 
quite high accuracy. Based on remote sensing data, we can interpret, analyze and 
evaluate the fluctuations of land cover in time. SPOT-5, VNREDSat-1 satellite 
images with 5 m spatial resolution have the advantages for monitoring land cov-
er types of a regional-scale. 

Many researches about the monitoring fluctuations of land cover have been 
studied. The first global land cover map by using satellite data was IGBP DIS-
Cover using 1 km AVHRR data in 1992 (Loveland, Reed, Brown, Ohlen, Zhu, 
Yang et al., 2000). Subsequently, global land cover maps were created by the 
University of Maryland in USA using the AVHRR data of NOAA satellite (Han-
sen, Defries, Townshend, & Sohlberg, 2000), Boston University using the 1 km 
MODIS data in 2002 (Friedl, Mclver, Hodges, Zhang, Muchoney, Strahler et al., 
2002). In 2005, the European space agency (ESA) established the GlOBCover 
Land cover using MERIS data with 300m spatial resolution (Arino, Gross, Ranera, 
Bourg, Leroy, Bicheron et al., 2007). Chiba University in Japan, which had the 
cooperation with a number of the organizations, developed GLCNMO (The 
Global Land Cover by National Mapping Organizations) version 1 using MODIS 
1 km data (Tateishi, Uriyangqai, Al-Bilbisi, & Ghar, 2011) in 2003. The GLCNMO 
version 2 were built in 2008 by using MODIS 500 m data (Tateishi, Hoan, Koba-
yashi & Alsaaideh, 2014) and the GLCNMO version 3 in 2013 by using MODIS 
500 m data (Kobayashi, Tateishi, Alsaaideh, Sharma, Wakaizumi, Miyamoto 
et al., 2017). However, the accuracy of these global land cover maps were only 
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around 80%, which were unsuitable for detecting and creating the fluctuation 
maps with the purpose of environmental observation and natural resource man-
agement (Bayan, Hoan, & Tateishi, 2014). 

The method of detecting land cover changes was based on the comparison of 
classification results in two periods. The satellite data are commonly used such 
as Landsat images and SPOT5 images (Butt, Shabbir, Ahmad, & Aziz, 2015; Ab-
dullah, Masrur, Adnan, Baky, Hassan, & Dewan, 2019). Nowadays, the spectral 
reflectance index of land cover objects is applied for improving high classification 
accuracy. For examples, the snow cover were determined by analysis the spectral 
reflectance indexes of satellite data (Crane & Anderson, 1984; Rosenthal, & Dozier, 
1996; Hall, Riggs, Salomonson, Girolamo, & Bayr, 2002; Salomonson & Appel, 
2004; Painter, Rittger, McKenzie, Slaughter, Davis, & Dozier, 2009). To distin-
guish between waters and snow, (Sharma, Tateishi, & Hara, 2016) has developed 
water-resistant snow index (WSI). In order to detect urban and water areas, the 
Normalized Difference Water Index (NDWI) (McFeeters, 1996; Gao, 1996) and 
the Normal Difference Built-up Index (NDBI) (Zha, Gao & Ni, 2003; Sharma, 
Tateishi, Hara, Gharechelou, & Lizuka, 2016) were built. The barren land index 
has developed by many researchers (Rogers & Kearney, 2004; Deng, Wu, Li, & 
Chen, 2015; Sharma, Tateishi, & Hara, 2016). The Enhanced Vegetation Index 
(EVI) and Normalized difference vegetation index (NDVI) were used to classify 
cultivated areas by MODIS data (Brian, Stephen, & Jude, 2007). Besides, (Haque 
& Basak, 2017) used Maximum likelihood classification method which the input 
data were NDVI and NDWI images of Landsat data and used Change Vector 
Analysis (CVA) to determine the land cover changes in Tanguar Haor, Banglades. 
Most studies have achieved an accepted accuracy. But they have been tested only 
in wide area by medium resolution of remote sensing data. In this study, we 
would like to emphasize the importance of input variables for the use of change 
vector analysis method. In particular, input variables are decided mainly based 
on subjective opinions of experts from image analysis experience. These varia-
bles are the crystallization of image analysis experiences of experts and the name 
of the CVA method was changed to Multi-variant Change Vector Analysis 
(MCVA). MCVA method bases on the expert knowledge to combine the spectral 
reflectance indexes and potential variables to achieve the highest efficiency 
(Johnson & Kasischke, 1998; Nackaerts, Vaesen, Muys, & Coppin, 2005; Jin, 
Xuehong, Xihong & Jun, 2010). In this article, we assessed the ability and effec-
tiveness of using high-resolution remote sensing data to determine the land cov-
er changes based on the analysis of multivariate vector and the comparison the 
fluctuations indicators between different periods of time, a case study in Bauxite 
Tan Rai mine in Lam Dong province, Vietnam. 

2. Study Area and Materials 
2.1. Study Area 

Bauxite Tan Rai mine is located in the wards of Loc Thang, Loc Phu and Loc 
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Ngai of Bao Lam district in Lam Dong province. The total area of Tan Rai mine 
is more than 1600 hectares (Figure 1). 

The study area includes in the entire mining area, factory ground area and the 
area around the mine. Tan Rai mine is located in the East of Bao Loc-Di Linh 
plateau. The plateau terrain is relatively flat, inclined from the Northeast to the 
Southwest. The annual average temperature is 21.7˚C with the total annual rain-
fall of 2356.5 mm. The mine area is largely covered by double-leaved pine forests 
intercropped with industrial trees such as coffee and tea. The population of Bao 
Lam district in Tan Rai mine was 100,000 people with a population density of 
about 66 people/km2 and distributed along both sides of provincial roads, mainly 
living in Loc Thang town. 

2.2. Materials  

In order to the requirements of monitoring the land cover changes in a regional 
scale with not large area, the experience materials were SPOT5, Google Earth 
and VNREDSat-1 images. The characteristics of the satellite data were shown in 
Table 1. 

Fusion multispectral bands and panchromatic band of VNREDSat-1 data was 
created. The satellite images were re-projected to VN2000 coordinate system and 
2.5m spatial resolution. 

3. Methodology and Results 
3.1. Multi-Variant Change Vector Analysis (MCVA) 

Multi-variant Change Vector Analysis (MCVA) is used to detect land cover 
changes based on change vector components. The MCVA is the method which 
uses expert knowledge and combines with indexes and variables to attend the  

 

 
Figure 1. Study area (red polgyons): (a) Location of Vietnam; (b) Position of Tan Rai bauxite mine in Lam Dong province; (c) Tan 
Rai bauxite mine in VNRedSAT image (2018). 
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Table 1. The characteristics of the experience materials. 

No Sensors Date Level Coordinates Resolution 

1 SPOT5 15/4/2013 3A VN2000 2.5 m 

2 

Google Earth 16/2/2014  WGS84 2.5 m 

 09/5/2016  WGS84 2.5 m 

 16/3/2019  WGS84 2.5 m 

3 
VNREDSat-1 16/2/2015 3A VN2000 2.5 m 

 03/1/2018  VN2000 2.5 m 

 
purposes (Johnson & Kasischke, 1998; Jin, Xuehong, Xihong, & Jun, 2010). The 
objective of this study is to propose a method that can analyze very high-resolution 
images but that have no original spectral values such as Google Earth, SPOT 
5-6-7, VNRedsat-1 after pan-sharpen process. These types of images are often 
processed pan-sharpen to keep true color composite. That means, on these pro-
cessed images, the plants will be green color, the soil will be brown color (red + 
blue) and the water will be blue color. According to logical analysis, if plants are 
lost, the green color of the area will be decreased; If the percentage covered by 
bare land increases then the red and blue color will be increased. 

In this study, we proposed to three indexes such as GB, RG and RB based on 
expert analysis. Three indexes were converted to 8-bit color. The equations of 
three indexes were as following:  

127 128G BGB
G B
−

= ∗ +
+

                         (1) 

127 128R GRG
R G
−

= ∗ +
+

                         (2) 

127 128R BRB
R B
−

= ∗ +
+

                         (3) 

where: R—Spectral reflectance of Red band; 
G—Spectral reflectance of Green band; 
B—Spectral reflectance of Blue band. 
These indexes were proposed by the characteristics of spectral reflectance of 

land cover objects. The plants reflect strongly by green band. As a result, if the 
plants are removed, the value of green band on satellite images will decrease. 
Similarly, the soil reflects by red band or blue band which depends on the phys-
ical characteristics of the soil. Therefore, when plants are removed, the spectral 
reflectance value of the red and blue band increases and the values of green band 
decrease. The MCVA method is based on dimensional analysis vector changes of 
GB, RG and RB index variables.  

Vector change of GB index is defined as following:  

( ) ( )1 2GBVC GB GB= −                          (4) 

Vector change of RG index is defined as following:  

( ) ( )2 1RGVC RG RG= −                          (5) 
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Vector change of RB index is defined as following:  

( ) ( )2 1RBVC RB RB= −                          (6) 

where: 1) the value of the previous time and 2) the value of the later time.  
According to logical analysis, if plants are lost, the value of GB index will de-

crease and vector change of GB index is positive. In this case, the value of RG 
and RB indexes will increase and vector change of these indexes is positive. As a 
result, the total vector change is defined by the following equation:  

2 2 2ChangeIndex1 GB RG RBVC VC VC= + +                  (7) 

where: GB(1), RG(1), RB(1)—The value of GB, RG, RB index in the previous 
time; 

GB(2), RG(2), RB(2)—The value of GB, RG, RB index in the later time. 
However, there are algae and chlorophyll in water which reflect green band 

and absorb red band. In order to reduce the misclassification because of water 
fluctuation confusion, we proposed to use NGRDI (Normalized Green-Red dif-
ference index) (Tucker, 1979; Gitelson, Kaufman, Stark, & Rundquist, 2002) to 
distinguish water surface. NGRDI index is calculated as follows:  

NGRDI G R
G R
−

=
+

                            (8) 

where: R—Spectral reflectance of Red band; 
G—Spectral reflectance of Green band. 
Firstly, Change Index 1 image was segmented by the Multi-resolution Seg-

mentation algorithm in Ecognition software. Secondly, the mean value and the 
standard deviation of each segment were calculated. The changes of land cover 
were classified based on the threshold of mean value of each segment in Change 
Index 1 image. 

The accuracy of change detection is identified by evaluating the performance 
of each potential threshold which is used to classify change/no-change segments. 
The accuracy (D) is calculated by the equation as follows:  

( )% 100%aD
b

= ×                            (9) 

where: ( )%D —The accuracy of change detection; a—The number of training 
patches in ChangeIndex1 image which are identified land cover changes; b—The 
number of the sample points in a map for evaluating the results.  

In this article, we selected 100 random change points and 100 random no-change 
points in a pair of images to evaluate the results.  

3.2. Classification Results and Discussion  
3.2.1. Estimating the Changes of Land Cover in Tan Rai Bauxite Mine 
The order of exploiting bauxite in Tan Rai has 5 main steps: 1) clearing the sur-
face; 2) opening the seams; 3) peeling off the covered soil layer by scrapping 
along the slope direction or transporting at the landfill awaiting restoration; 4) 
extracting ore in order from the outside inward for the top and from top to bot-
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tom for the ribs and 5) finally restoration. This process changed the regional 
land cover in general as well as affecting the living environment of people.  

1) Using SPOT5 from 2013 to 2016  
The segmentation results of Change Index image of SPOT5 in the bauxite area 

of Tan Rai in the period of 2013-2016 included 53,902 segments. The boundary 
of these segments was illustrated in Figure 2. 

To detect land cover changes, we calculated the mean value of each segment 
of the Change Index 1 and NRGDI image. After that, we selected a potential 
threshold with the ability of land cover changes such as “Change Index” ≥ 40 
AND “NRGDI” ≤ 0.07 AND “areas” ≥ 500 (Figure 3). 

Bauxite ore refining factory discharged waste sludge products in the process. 
After being concentrated, the sludge of the concentrate tank is pumped to the 
tailings sludge dumps. Changes of sludge lakes or changes of water quality were 
also detected by Change Index 1 index (Figure 4). 

100 random points in changed areas and 100 random points in no-changed 
areas were selected in the whole image for validation (Figure 5). In the mining 
area, in 37 checked points, there were 35 points which were detected by Change 
Index. So the accuracy is 94.5%. The accuracy of no-change detection was 100% 
accuracy. 

2) Using GE image from 2014 to 2016 
We applied the same method for Google Earth images during 2014-2016. The 

potential threshold with the ability of changes land cover in ChangeIndex1 and  
 

  
Figure 2. The segmentation results in SPOT5 images. 
 

  
Figure 3. The land cover changes result using change index image of SPOT5. 
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Figure 4. The location of the sludge lake has a change in water quality in SPOT5. 
 

 
Figure 5. The location of validation points. 
 
NRGDI of Google Earth image such as “Change Index” ≥ 40 AND “NRGDI” ≤ 
0.07 AND “areas” ≥ 500 (Figure 6). 

In the mining area, there were 37 correct points in 40 checked points. The 
reference accuracy archived 92.5%. The accuracy of no-change detection was 
100% accuracy. 

3) Using VNRedSAT images from 2015 to 2018 
The potential threshold with the ability of changes land cover in Change In-

dex and NRGDI of GE image such as “Change Index” ≥ 30 and “NRGDI” ≤ 0.07 
AND “areas” ≥ 500. The classification results by using VNRedSAT images from 
2015 to 2018 are shown in Figure 7 and Figure 8. 

In the mining area, there were 35 correct points in 36 checked points. The 
reference accuracy archived 97.2%. The accuracy of no-change detection was 
100% accuracy. 

3.2.2. Land Cover Maps of Tan Rai Bauxite Area in 2013, 2015, 2018,  
2019 

The land cover map of Bauxite Tan Rai area in 2013, 2015, 2018 and 2019 are 
shown in Figures 9(a)-(d), respectively. The five main types of land cover in-
clude vegetation, bare land, crop land, water and other lands. According to  
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Figure 6. The segments of land cover changes in GE images. 
 

  
Figure 7. The segments of land cover changes in VNRedSAT images. 
 

  
Figure 8. The location of the sluge lake has a change in water quality. 
 
analysis the land cover maps of Bauxite Tan Rai mine over the years, we can see 
that the mine area has been expanded over time and increased dramatically. The 
most of mining area was transferred of land use from cropland to bare land and 
sludge lakes (water surface). In addition, a number of the areas after mining 
process have been restored from bare land to vegetation. 

To assess the accuracy of land cover classification, we used 150 random 
points, which were clearly identified on Google Earth and Google Map. The 
overall accuracy of classification results in 2013 reached 95.3%, in 2015 
reached 92.6%, in 2018 reached 94.6% and in 2019 reached 96.6%. The accuracy  
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Figure 9. Land cover maps of bauxite Tan Rai area. (a) In 2013; (b) In 2015; (c) In 2018; (d) In 2019. 

 
assessment is shown in the confusion matrix in Tables 2-5 as following. 

3.2.3. Assessment the Land Cover Change in Bauxite Tan Rai Area during  
Period 2013-2019 

Lam Dong aluminum bauxite complex project was approved in 2006, officially 
started construction of Alumina Factory in 2008 and completed the commis-
sioning and officially put into operation in 2013. It is expected that bauxite ore 
will be 4,318,000 tons/year, refined ore will be 1,775,000 tons/year and produc-
tion and commercial capacity will be 630,000 tons of alumina/year. In addition 
to expanding the mining area over many years, the project also conducted to re-
store the regional land cover in accordance with the regulations after the exploi-
tation. After dumping, all landfill sites must be leveled and covered with soil, 
vegetation or applied a suitable method with the characteristics of region. 

Based on the segmentation results of Change Index 1 image, we can calculate 
the Tan Rai mining area and the restoration area over each period (Figure 10). 

The statistics of area results which calculated by satellite images and the 
2013-2019 report are shown in Table 6. 

According to the statistical results, the mining area tended to increase over 
time and increased rapidly over the past year. The results of the exploitation area 
and the restoration area calculated by using satellite images are quite similar 
with local reports. The error may be due to the synchronization of the acquisi-
tion date of satellite image and the statistical report.  
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Table 2. The confusion matrix of classification result in 2013 by using SPOT5. 

Classified 
Reference Data 

Others Cropland Bareland Water Vegetation 

1 Others 16 1 0 0 0 

2 Cropland 0 94 0 0 4 

3 Bareland 0 0 11 0 0 

4 Water 0 0 0 6 0 

5 Vegetation 0 2 0 0 16 

Overall accuracy: 95.3% 

 
Table 3. The confusion matrix of classification result in 2015 by using VNREDSat-1. 

Classified 
Reference Data 

Others Cropland Bareland Water Vegetation 

1 Others 15 1 1 0 0 

2 Cropland 4 92 2 2 0 

3 Bareland 0 1 16 0 0 

4 Water 0 0 0 6 0 

5 Vegetation 0 0 0 0 10 

Overall Accuracy: 92.6% 

 
Table 4. The confusion matrix of classification result in 2018 by using VNRedSAT. 

Classified 
Reference Data 

Others Cropland Bareland Water Vegetation 

1 Others 14 3 0 0 0 

2 Cropland 1 94 0 0 3 

3 Bareland 0 0 18 0 0 

4 Water 0 0 0 7 0 

5 Vegetation 0 1 0 0 9 

Overall Accuracy: 94.6% 

 
Table 5. The confusion matrix of classification result in 2019 by using Google Earth. 

Classified 
Reference Data 

Others Cropland Bareland Water Vegetation 

1 Others 17 0 0 0 0 

2 Cropland 0 97 0 0 1 

3 Bareland 1 1 17 0 0 

4 Water 0 0 0 7 0 

5 Vegetation 0 2 0 0 7 

Overall Accuracy: 96.6% 
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Table 6. The statistics of exploitation and restoration areas during 2013-2019. 

Years 2015-2018 2018-2019 2013-2019 

Area Exploitation (ha) 
(Satellite Images) 

182.697 71.9 259.99 

Area Exploitation (ha) (Report) 188.69 70.18 258.87 

Area Restoration (ha) 
(Satellite Images) 

46.44 35.15 103.56 

Area Restoration (ha) (Report) 47.62 35.67 116.78 

 

  

  
Figure 10. Delineate the mining area (yellow polygons - upper images) and the restora-
tion areas (red polygons - lower images) in period 2015 (left) - 2018 (right). 

4. Conclusion 

In conclusion, MCVA method can quickly identify land cover changes in high 
resolution satellite image. The change vectors were proposed by the spectral re-
flectance of satellite bands in two times. In addition, the water quality change 
areas were also detected by the change vector analysis. In this article, we used the 
object-based to detect the change/no-change objects in Change Index 1 image. 
According to the classification result, the potential threshold for detecting land 
cover changes in Change Index images are different in each type of satellite im-
ages. The classification accuracy of the inner mining areas is higher than the 
around area.  

MCVA method can detect and determine the land cover areas during bauxite 
mining operation such as expanded mining area, restoration area and reforesta-
tion, etc. According to that, it helps to support the solutions to improve and re-
store the environment after the end of exploitation.  
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The Bauxite Tan Rai area is quite small, but the proposed method in this study 
has achieved high accuracy. Recently, Google Earth images are free of charge, 
high spatial resolution and regular updates so that the proposed method can be 
applied Google Earth images to monitor the land cover changes of the mineral 
mines during the mining operation in Vietnam. 
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