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Abstract: This study aims to evaluate the effects of natural and human conditions on vegetation
covers using VCI and TCI indices (the satellite-based Vegetation Health Indices (VHIs)) in Dak Nong
province. Factors affecting the VHIs included in the analysis involve land use, soil, population,
topography, distance to roads and surface water. The data analysis period is the dry season from
2000 to 2020. The trend of the VHIs’ change in this study is analyzed using Sen’s method with
monitoring data from Modis. The effects of factors affecting the VHIs are based on logistic regression
and discriminant analysis. The analysis results show that the VHIs are clear and show both increasing
and decreasing trends. Based on logistic regression analysis, the influence of land use types on the
trend of the VHIs in the direction of increasing from negative to positive will be from PdF, UnL,
AnC, SpF, PtF, PeA and then to PdR. Corresponding to the soil will be from ACa, FRp, FRx, FRr,
ACh, LVx, FLg and then to LVg. Based on the discriminant analysis method, it was found that there
are only four primary factors affecting the trend of the VHIs in order of decreasing level of closure:
population density, land use, soil and population growth rate and to the road. These results show
that in places where labour resources are available, plants are interested in investment due to high
profits, nutrient-rich soil and convenience for plant care; the VHIs tend to increase and vice versa.
Compared with VCI, the trend of TCI tends to be sloping negative and more pessimistic. Through the
coefficients of the logistic regression equation and the difference function, the TCI is more sensitive
than the VCI when the independent variables change, especially for changes in population density
and land use. Thus, TCI can be considered the preferred option for assessing vegetation health trends
in the context of climate change.

Keywords: vegetation health indices; land use; soil; population

1. Introduction

Vegetation is an important component of terrestrial ecosystems [1]. The vegetation
status is related to the carbon storage capacity on the continent, crop yields, surface energy
exchange, water balance and microclimate conditions [2–5]. Today, due to the impacts
of climate change, population growth and accompanying needs, vegetation has changed
rapidly [1,6–8]. Therefore, analyzing the trend of vegetation is necessary to contribute
to the development and protection of the ecosystem [1]. Numerous scientists regard the
vegetation index as an important measure for mapping agricultural fields, monitoring
rainfall, evaluating weather impacts, calculating biomass, crop output, pasture production
and drought conditions and determining the vitality of the vegetation [9].

With the advancement of satellite photography, agricultural monitoring systems have
employed indices derived from the spectral reflectance of vegetation to offer timely and
precise information regarding seasonal vegetative growth [10]. Assessing changes or
trends in vegetation cover is often based on remote sensing indicators. In 1969, Kriegler
et al. [11] proposed a simple band transformation by the near-infrared radiation (NIR),
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subtracting the red radiation (RED) and dividing by their sum to produce an image called
the Normalized Difference Vegetation Index (NDVI). This index is sensitive to phenology
and anthropogenic effects; therefore, it is widely used in monitoring the growth and
variability of vegetation [11–16]. NDVI has a good relationship with several characteristics
of vegetation, such as vegetation cover, leaf area index [17], photosynthetic radiation
absorption capacity, biomass [13,18], leaf chlorophyll concentration [19], plant stress [20]
and crop yield [21]. NDVI is also widely used to explore the relationship between vegetation
conditions and climate change [1,22].

The Vegetation Condition Index (VCI) is a normalized form of the NDVI data series
over time. This index is widely used in assessing vegetation health and cover changes and
in assessing vegetation stresses, including drought [23,24].

Land use change has changed the properties of the cover and made the surface
temperature (LST) change markedly [25,26]. LST changes lead to altering air temperature
and habitat [27]. In addition to using LST to monitor environmental temperature, it is
also used to assess changes in cover due to temperature conditions. Because the statistical
characteristics of LST are different between months, the Temperature Condition Index (TCI)
is often used to replace LST. TCI allows analyzing the effect of temperature on vegetation
health. Low values of TCI indicate plant stress due to high temperatures and are often
associated with low soil moisture. A high TCI value indicates healthy vegetation [28].

TCI is often combined with VCI to assess vegetation cover variability, health and plant
stress related to temperature and humidity conditions [25,29–33]. The vegetation status
can be detected based on VCI and TCI [34]. Some studies [35] suggested that VCI is a
more accurate indicator to assess the vegetation cover condition, whereas others suggested
TCI [36].

The change in land use makes VCI and TCI have a clear trend, and many studies are
in this direction [5,7,8,37,38]. Vegetation ensures ecosystem sustainability by preventing
soil erosion, reducing nutrient loss and maintaining hydrological cycles [25]. Characteristic
change of the vegetation cover is one of the crucial factors in environmental vulnerabil-
ity [39]. In the stable land use types, the trend of VCI and TCI is the question posed and
solved in this study. The main contents are carried out to identify the causes related to
the trend of land use types and the sensitivity of vegetation indicators, contributing to the
monitoring and sustainable development of the cover.

2. Data and Methods
2.1. Data

This study used data including NDVI and LST and data related to population, soil and land
use in the study area. NDVI and LST are used to calculate the VHIs. The 2000–2020 time series
of NDVI and LST derived from the MODIS are used in this study (source: https://earthexplorer.
usgs.gov/) (accessed on 25 October 2022). However, the clouds affected the quality of the
obtained images; therefore, this study used the images from January to April because there is
low cloud in dry season.

The NDVI data are derived from the Mod13A1 VI package, which is a product of
MODIS. This data has a spatial resolution of 463 m × 463 m and a temporal resolution
of 16 days. Due to orbital overlap, multiple observations can exist in one day, and up to
64 observations can be collected in 16 days. Furthermore, due to the influence of clouds
and other atmospheric conditions, the acceptable number of pixels is usually concentrated
between 1 and 5. To eliminate these effects, the technique of a maximum value composite
is used in building this package. Finally, LST data are obtained from the Mod11A2 package.
This data has a spatial resolution of 926.6 m × 926.6 m and a temporal resolution of 8 days.

Population data were collected during the 1999, 2009 and 2019 censuses. These data
were collected for each commune in Dak Nong province. The administrative boundaries of
the study area are as shown in Figure 1, with 8 districts and 71 communes.

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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Figure 1. Study area map.

Soil and land use data were obtained from the Department of Agriculture and Rural
Development of Dak Nong province at the beginning and end of the study period. In
the study area, there are seven types of land use and eight main types of soil, as shown
in Tables 1 and 2.

Table 1. Land use and their description.

Land Use Type Symbol Area (%)

Perennial Agriculture PeA 38.0
Production Forest PdF 24.1

Annual Crops AnC 14.4
Protection Forest PtF 5.6
Special-use Forest SpF 5.0

Unused Land UnL 1.1
Paddy Rice PdR 0.7

Table 2. Soil types and their description.

Soil Type FAO Symbol Area (%)

Rhodic Ferralsols FRr 41.7
Plinthic Ferralsols FRp 22.0
Xanthic Ferralsols FRx 8.3
Haplic Arenosols ACh 3.2
Chromic Luvisols LVx 3.2

Arenic Acrisols ACa 3.0
Gleyic Luvisols LVg 1.4
Gleyic Fluvisols FLg 1.3
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In Table 1, protection forests are used mainly to protect water sources and land,
prevent erosion and restrict natural calamities. Special-use forests are used mainly for the
conservation of nature, specimens of the national forest ecosystems and forest biological
gene sources. Production forests are used mainly for producing and trading timber and
non-timber forest products in combination with protection. Unused land includes the land
types for which land use purposes have yet to be determined. This area’s perennial plants
are mainly coffee, rubber, cashew, pepper and Macca. The annual plants are mainly paddy
rice, upland rice, maize, cassava, beans and vegetables. Due to the critical role of paddy
rice, it is separated.

2.2. Methods

The objective of this study is to analyse the trends of the VHIs and assess the influence
of population distribution, soil and land use on these indices’ trends. The general workflow
performed in this study is shown in the diagram below (Figure 2).
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Figure 2. The general workflow performed in this study.

With these steps, the implementation methods for these steps are as follows:

• Re-sample and determine NDVI and LST monthly;

In this study, the indices derived from the satellite need to convert to the same spatial
and temporal resolution. The time scale of VHI chosen in this study was monthly. Then, the
maximum value composite method was applied to obtain monthly NDVI data to reduce
the atmospheric impact from the NDVI input data with a 16-days temporal resolution.
Meanwhile, the average monthly LST was calculated from Mod11A2 packages with 8-day
temporal resolution. Therefore, to have the same spatial resolution, the average monthly
LST was re-sampled to the same resolution as NDVI. The method used in re-sampling
is bilinear. After NDVI and LST have been converted to the same spatial and temporal
resolution, VCI and TCI will be calculated, and their relationship with the population
distribution will be determined.

• VCI calculation;

The VCI is the normalized value of NDVI over time [40]; the VCI formula is shown
as below:

VCI = 100
NDVIi − NDVImin

NDVImax − NDVImin
(1)
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where NDVIi is the NDVI value of the pixel in a particular year at the time i; NDVImax and
NDVImin are the highest value of NDVI and the lowest value of NDVI for an observation
period included in the analysis, respectively. The numerator is the difference between
the actual and the lowest value of the NDVI and represents the state of plant growth and
meteorological conditions. The maximum and minimum values of the denominator reflect
the best and worst growth conditions, and the difference between them partly reflects the
conditions of the local vegetation. Therefore, the VCI contains both historical and real-
time information on NDVI. VCI ranges from 0 to 100, where smaller VCI values indicate
underdeveloped plants and a higher degree of drought. VCI is often used in conjunction
with TCI in assessing drought severity and crop health. In this study, VCI is calculated for
each month in the dry season, from 2000 to 2020.

• TCI calculation;

TCI was developed by Kogan [40]; it is normalized from LST over time and is shown
in the formula below:

TCI = 100
LSTmax − LST

LSTmax − LSTmin
(2)

where LSTi is the LST value at a pixel at the time i; LSTmax and LSTmin are the maximum and
minimum LST values for an observation period included in the analysis at the analyzed
pixel, respectively. This index is used to assess variations in surface temperature and
coating variation. According to this formula, the TCI will have a value between 0 and 100
and have the highest value when LST is the lowest. This study calculated TCI for each
month in the dry season, from 2000 to 2020.

• Trend of the VHIs;

The determination of the trend of the VHIs is carried out according to grid cells that
have no change in land use in the period of 2000–2020. This study uses Sen’s method and
the Mann–Kendall non-parametric test to determine the trend. Luong [41] presents details
of the Mann–Kendall test method.

For the time series x1, x2, . . . xn, in the method determining Sen’s slope, the magnitude
of the trend is determined as the median of the range of n(n − 1)/2 elements {(xj − xk)/(j
− k), where k = 1, 2, . . . , n − 1; j > k}. The VHIs’ data for this study are 4 months during
the dry season in 21 years; therefore, the data for analysis is 84, and the most significant
difference of j − k is = (21 − 1) × 12 + 4 − 1 = 243 months. Where 12 is the number of
months in a year, 4 is the fourth month of the end year, and 1 is the first month of the
starting year.

• Raster data of the independent variables;

To facilitate the analysis of data layers on population density, population growth rate,
land use and soil are converted to raster. The data on population density and population
growth rate are converted to raster-based on the assumption that they are evenly distributed
over the communes. The Euclidean distance tool is used to create the distances to rivers
and major roads. The raster data of all the independent variables have the same resolution
as the data of the VHIs of 463 m × 463 m.

• Logistic regression;

Logistic regression is used to build the relationship between the dependent variable,
the trend of the VHIs and the independent variables in the categories of soil and land
use. These variables are taken in the grid cells where the VHIs have a clear trend with a
significance level (p = 0.01). In order to ensure the quality of the regression equation, the
VHIs’ trend is only analyzed in a binary form showing its upward or downward trend.

The logistic regression equation is stated as below:

log
p

1 − p
= b0 + b1x1 + b2x2 + . . . + bnxn (3)
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where p and p − 1 are the probability for the VHIs to have an upward or downward trend,
respectively. In this equation, X = (x1, x2, x3, . . . , xn) are independent variables, and the
coefficients b0, b1, b2, b3, . . . , bn are estimated based on a regression equation.

• Discriminant Analysis.

Discriminant analysis was used to determine the role of factors influencing the the
VHIs’ trend. Influential variables include topography, distance to rivers, lakes and roads,
population density and growth rate, and soil and land use. These variables are also taken
in the grid cells where the VHIs have a significant trend at the significance level (p = 0.01).

The discriminant analysis also requires the dependent variables to be grouping vari-
ables. As with the logistic regression, the dependent variables (the VHIs’ trends) are
divided into two groups: increasing and decreasing and only considered on the grid cells
having a significance level (p = 0.01). Due to the requirement of discriminant analysis that
the independent variables must be in quantities form, the data on land use and soil in
categories form should be converted to this required form. The conversion is based on the
probability of an uptrend of the VHIs across soil types and land use types.

3. Results and Discussion

This section may be divided by subheadings. It should provide a concise and precise
description of the experimental results and their interpretation, as well as the experimental
conclusions that can be drawn.

3.1. VHIs’ Trend

From the data of VCI and TCI with conversion to the 463 m × 463 m resolution and
applied Sen’s method, the determined trend result is shown in Figure 3. The coloured cells
in this figure have a significance level of 0.01; the rest tend to be indeterminate. The results
show a relative relationship between the trends of VCI and TCI. According to these figures,
the trend of the VHIs tends to be different in some regions; some places show an upward
trend, some are unclear and some decrease.
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Statistical results from these figures show that VCI’s trend does not have a significant
difference in the three parts of increase, decrease and unclear trend, with values of 32%, 31%
and 37%, respectively. Meanwhile, unlike VCI, these parts in TCI are relatively different,
with values of 27%, 42% and 31%, respectively. Thus, TCI tends to decrease significantly;
the decreasing area is higher than the increased area, by approximately 1.6 times. Total
areas with evident trends for VCI and TCI are 63% and 69%, respectively, or TCI is more
sensitive to vegetation health. Compared with VCI, TCI’s trend is more negative and could
be related to the increase in temperature due to climate change. This result was calculated
for the dry season months and is consistent with the research of Kukunuri et al. [42] that
compared with VCI, TCI is more sensitive in arid to extremely arid conditions.

The marked increase and decrease of the VHIs are usually over 0.5%/year. The highest
increase and decrease are of approximately 3.5%/year, and the overall is mainly within the
range of 1.5–2.5%/year (Figure 3). Thus, from 2000 to 2020, many places experienced an
increase or decrease in these indicators from 30% to 50%.

Statistical results of the VHIs’ change based on land use types and soil types are shown
in Figure 4. Figure 5 illustrates the overlap between the Perennial Agriculture (PeA) and
the VCI’s trend for this statistic. Statistical results in Figure 4 are based on grid cells with a
clear trend at a significance level (p = 0.01).
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The trend of the VHIs by land use types shown in Figure 4a,b shows three land use
groups with different trends. Group 1 includes Paddy Rice (PdR) and PeA; this group
tends to increase the VHIs mainly. Compared with the reduced area, the increased area
is about two times higher for PeA and three times for PdR. Group 2 included Production
Forest (PdF), Unused Land (UnL) and Annual Crops (AnC); this group shows that the
VHIs’ decreasing trend is the main one. Compared with the increased area, the reduced
area is higher by three times. Group 3 includes Protection Forest (PtF) and Special-use
Forest (SpF); the VCI of this group changes a little over time, and the ratio of the increased
and decreased area is nearly equal.

The comparison between Figure 4a,b indicates a difference between VCI’s and TCI’s
trends in land cover form as PtF. Figure 4a shows an increasing VCI trend on PtF; mean-
while, Figure 4b shows a decreasing trend. Moreover, comparing the lines showing the
average values in these figures shows that TCI has mainly a decreasing trend; meanwhile,
VCI has nearly similarly an increase and decrease trend.

Figure 4a,b show that in the land use types where humans caused stronger influences
on vegetation, there is a clear trend of the VHIs and vice versa. PdF and PeA account
for 24% and 38% of the primary land use types. These two types of land use are also
controlled by humans and have a clear trend; the downward trend is mainly on PdF, and
the increasing trend is mainly on PeA. With PdF, the ratio of the reduced area to area with
clear trends is above 90%. With PeA, the ratio of increased area to area tends to be nearly
70% with both VCI and TCI.

Figure 4c,d show that there are three soil types with different VHIs’ trends for soil
types. Group 1 shows the mainly increasing VHIs’ trends, including soil types such as
Gleyic Luvisols (LVg), Chromic Luvisols (LVx) and Gleyic Fluvisols (FLg). In this group,
increasing areas account for over 80%. Group 2 includes Arenic Acrisols (Aca) and Plinthic
Ferralsols (FRp). That is the group with a marked decrease in the VHIs, and decreasing
areas account for 75% of the total clear trends area. Group 3 includes Xanthic Ferralsols
(FRx), Rhodic Ferralsols (FRr) and Haplic Arenosols (Ach). Compared with the above two
groups, the trends of this group are less evident in the increasing area, and the decreasing
area is almost equal. The comparison between Figure 4c,d shows that in the same soil type,
the distribution curve corresponding to TCI is usually lower than VCI. In other words, TCI
tends to decrease more than VCI.
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The relationship between the VHIs’ trends and the population density of 71 com-
munes are shown in Figure 6. In this figure, the horizontal axis is a population density’s
logarithm in person/ha. The figure shows that the trends of VCI and TCI have a good
relationship with population density. Compared with the VCI, TCI is more sensitive to
population density changes. Population density is a factor associated with natural and
social condition characteristics. The regions have a high population density where, usually,
there is a favourable condition for water resources, easily arable land, flat terrain and
convenient transportation conditions. These factors are related to the VHIs’ trends and will
be considered in the next section.
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Figure 6. The relationship between the VHIs’ trends and the population density.

The preliminary results show that TCI may be more sensitive in assessing vegetation
health as it shows a good relationship between population density and a clear trend area
larger than VCI. Moreover, compared with VCI, TCI’s trend tends to be more negative.
These differences relate to the sensor’s sensitivity and increasing temperature due to climate
change, along with the arid conditions of this area during the dry season. Climate change
manifests in several ways; it includes an increasing temperature in air and surface. When
temperature increases, the amount of evaporation will increase, which causes a shortage
of soil moisture in the dry season and limits the photosynthesis process and vegetation
growth [1]; this is the cause that contributes to decreasing TCI.

3.2. Determine the Role of Land Use and Soil in the VHIs’ Trend by Logistic Regression Analysis

In this study, the dependent variable is converted to binary form with values of zero
and one, showing that the VHIs tend to increase or decrease. With this dependent variable,
the logistic regression method is used to evaluate the contribution of factors affecting the
VHIs’ trend.

The analysis includes many influencing variables to assess their contribution to the
VHIs’ trend. These variables include land use, soil, terrain elevation and slope, population
density and growth rate, distance from rivers and distance from roads. Influencing variables
have different properties; some are qualitative and some are quantitative and different
measurements. Therefore, different methods are used to understand the contribution of
each variable in this study. Thus, the logistic regression method was used to determine the
role of the categories of the variables, land use and soil, on the VHIs’ trend.

3.2.1. Contribution of Land Use Types or Soil Types to the Trend of VHIs through Logistic
Regression Equation

In order to understand the role of land use categories and soil types in VHIs’ trend, a
logistic regression equation was built separately for each variable, which are land use and
soil. Protection Forest was used as the reference land use category for the land use variable
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because of its vegetation cover stability over time. For the soil type variable, the reference
soil type is Chromic Luvisols, which is the nutrient soil at the average level of this area.

The sequence length for analysis in this study is over 18.000, which is also the number
of grid cells with a clear VHIs’ trend. Among these grid cells, half are used for training
and the rest for evaluating the prediction equation’s quality. The results of determining the
coefficients of the logistic regression equation simulating the VHIs’ trend according to land
use or soil types are shown in Table 3. This table shows that according to the decreasing
exp(b)’s value, the order of land use and soil types is uniform according to both dependent
variables, VCI and TCI.

Table 3. The coefficients of the logistic regression equation simulate the VHIs’ trend with the
independent variables of land use or soil.

The Independent Variable Is Land Use The Independent Variable Is Soil

Land Use Types VCI TCI Soil Types VCI TCI

Exp(b)

PdF 0.07 0.05 ACa 0.09 0.07
UnL 0.09 0.37 FRp 0.17 0.14
AnC 0.18 0.76 FRx 0.51 0.60
SpF 0.93 0.98 * FRr 0.59 0.61
PeA 1.14 7.88 ACh 0.72 0.62
PdR 3.75 29.63 FLg 5.28 5.81

LVg 12.33 13.54

b0 0.528 −1.470 0.463 0.369

Correct (%) 74.1 75.5 62.1 64.4

Note: The non-significant case (p > 0.01) in this table is denoted by an asterisk “*”.

In this table, exp(b) represents the ratio of the area having an increasing trend and
decreasing trend of any land use (or soil) over the ratio of reference land use (or soil). When
the values of the analytic variables increase by one unit, the ratio of the area between the
increasing and decreasing trend will change several times, equal to its exp(b)’s value. When
exp(b) is less than one, it shows the effect of making the VHIs tend to decrease and vice
versa in the case of greater than one.

Table 3 shows that the level of influence of land use types on the trend of the VHIs
in ascending order from negative to positive would be from Production Forest, Unused
Land, Annual Crops, Special-use Forest, Protection Forest, Perennial Agriculture and then
to Paddy Rice.

According to Measho et al. [35] and Ghoneim [43], the response of different land cover
categories differs from external influences. Comparing the magnitude of exp(b) between
the dependent variables, the VHIs’ trend in land use categories shows that except for
Special-use Forest, when the independent variables change, the trend of TCI will change
more than VCI; in other words, the TCI tendency is to be more sensitive to changes in
land use.

With the dependent variables being soil, exp(b) values in the table and reference soil
type is Chromic Luvisols; the order according to the influence of soil types on the VHIs’
trend is gradually increasing from negative to positive. The increasing trend would be
Arenic Acrisols, Plinthic Ferralsols, Xanthic Ferralsols, Rhodic Ferralsols, Haplic Arenosols,
Chromic Luvisols, Gleyic Fluvisols and then Gleyic Luvisols. Changes of the soil character-
istics of soil types lead to the change of the VHIs.

There was no significant difference in the coefficients of the logistic regression equation
in the VHIs’ trend simulation using the soil variable. However, the opposite would happen
if the land use variable was used. This result shows that TCI is much more sensitive than
VCI to changes in land use categories. The accuracy in Table 3 is based on the test data
series. This result shows that when using only one predictor variable, the quality of the
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regression equation is low. This result also shows that compared with VCI, the reliability of
the equation corresponding to TCI is higher.

3.2.2. The Role of Land Use on the VHIs’ Trend

As shown in Figure 7, the VHIs’ trend is very different among land use categories.
The VHIs increased markedly on land use forms Perennial Agriculture and Paddy Rice and
decreased markedly on land use forms Production Forest, Unused Land and Annual Crops.
In the remaining land use types, the trend of the VHIs is not obvious. The increasing trend
of the VHIs on Perennial Agriculture and Paddy Rice acreage is clearly due to its favourable
location for care, such as proximity to roads and surface water sources, the slight slope of
topography and adequate labour resources, which occurs in contrast to Production Forest,
Unused Land and Annual Crops (Table 4). This figure also demonstrates that compared to
VCI, the trend of TCI tends to be more negative.
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Figure 7. The ratio of the area where the VHIs tend to increase (p) to the part that tends to decrease
(1 − p).

Table 4. Characteristic of the land use types and soil with clear VHIs’ trend.

P_Density
(ng/ha)

D_Road
(m)

D_River
(m)

Slope
(o)

Land use types

PdF 0.3 2914 1075 2.4
UnL 0.2 2483 675 2.4
AnC 0.6 2008 508 2.2
PeA 0.9 1148 240 1.8
PdR 1.8 696 214 1.3

Soil types

ACa 0.7 2017 645 1.3
FRp 0.6 2625 820 2.4
FLg 1.0 1047 152 1.3
LVx 1.6 781 276 1.2
LVg 1.1 768 199 1.3

In addition, the VHIs increased in Perennial Agriculture and Paddy Rice areas due to
investments in seed, fertilizer, irrigation and mechanization in agriculture. According to
Müller and Zeller [6], after 1992, Perennial Agriculture and Paddy Rice rapidly developed,
relying on migrant labour, increased capital and fertilizer, improved access to rural roads
and markets and expanded coverage of irrigated areas. According to data from the General
Statistics Office of Vietnam in Dak Nong province, from 2000 to 2020, rice yield increased by
0.07 tons/ha/year, and coffee yield increased by 0.03 tons/year/ha. Combined with forest
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protection and discouraging shifting cultivation policies, forest cover stabilized after 1992.
That is the reason that the trend of the VHIs is not apparent in the Protection Forest and
Special-use Forest. The decline of the VHIs on land use types is in the Production Forest,
Unused Land and Annual Crops, in addition to the disadvantages mentioned above, due to
their low economic efficiency; consequently, it is not invested. Combined with inadequate
rainfall during the dry season and the increase in temperature due to climate change, it has
caused the trend of the VHIs on these land uses to decrease.

3.2.3. The Role of Soil Types on the VHIs’ Trend

Similar to land use, the VHIs’ trend also shows a clear association with soil types
(Figure 7). The decline of the VHIs was evident on Arenic Acrisols and Plinthic Ferralsols
soils and increased markedly on Gleyic Fluvisols, Chromic Luvisols and Gleyic Luvisols
soils. In the remaining soil types, the trend of the VHIs is not obvious. The difference
in the VHIs’ trend on soil types is related to soil nutrients, in which Arenic Acrisols and
Plinthic Ferralsols are nutrient-poor soils compared to Gleyic Fluvisols, Chromic Luvisols
and Gleyic Luvisols soils.

According to Donohue et al. [44], vegetation cover can also be declined on nutrient-
rich soil and easily degraded due to soil erosion and poor field management. In addition to
the nutrient issue, the difference in the VHIs’ trend in these two soil types is also due to
(1) differences in vegetation on soil types, and (2) differences in population density by soil
types and location of soil types relative to surface water sources and roads.

On the soil types of Arenic Acrisols and Plinthic Ferralsols, the area ratio of the
Production Forest and Annual Crops group to the Perennial Agriculture and Paddy Rice
group has values of 5.24 and 1.62, respectively. However, for soil types Gleyic Fluvisols,
Chromic Luvisols and Gleyic Luvisols, this ratio is only 0.12, 0.76 and 0.45, respectively.
Since this is the ratio of the area between the vegetation groups with decreased and
increased VHIs, it shows that one of the reasons of the difference in the VHIs’ trend in soil
types is related to land use.

Table 4 shows that compared with Arenic Acrisols and Plinthic Ferralsols, the remain-
ing soil types have a higher population density, closer to surface water sources and roads.
Therefore, where there is poor soil, there is a shortage of labour resources, difficulty to
access and a lack of surface water. Combined with the increase in irrigation requirements
due to climate change and that the economic profit is low in these places, it has been cut
off in investment to focus on other economic activities, making the VHIs tend to be more
declined. In contrast to Arenic Acrisols and Plinthic Ferralsols, the remaining soil types
have favourable cultivation locations and abundant labour resources.

The land use types of Production Forest, Unused Land and Annual Crops and soil
types of Arenic Acrisolsand Plinthic Ferralsols are quite far from surface water sources
(Table 4) and are where the VHIs have decreased sharply (Figure 7). According to the
research results of Luong [41], there is negligible rainfall in this area during the dry season,
combined with a temperature increase of 0.03 ◦C/year or 0.6 ◦C in the past 20 years, which
has increased the demand for irrigated crops and increased drought conditions. Therefore,
the area far from the surface water sources increases the lack of water for crops during dry
seasons, which decreases the VHIs.

The influence of the combination between land use and soils on the VHIs’ trend is
shown in Figure 8. The result shows that the areas of land use types of Production Forest
and Annual Crops and soil types of Arenic Acrisols and Plinthic Ferralsols have decreased
the VHIs’ trend mainly, with the clear trend area accounting for 92%. On the other hand,
for the land use types of Perennial Agriculture and Paddy Rice and soil types of Chromic
Luvisols and Gleyic Luvisols, areas with an increased VHIs’ trend are the main areas, with
clear trend areas accounting for 95%. In addition, this figure illustrates that VCI tends to
decrease more than TCI.
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3.3. The Role of Influence Factors on the VHIs’ Trend by Discriminant Analysis

Similar to logistic regression analysis, in this analysis, independent variables are
in binary form to show the increase or decrease trends of the VHIs. Eight influence
variables are used in the analysis, including land use (LU), soil, elevation, slope, population
density (P_Density), population growth rate (P_Rate), distance from the river (D_River) and
distance from roads (D_Roads). When using discriminant analysis, independent variables
need to convert to quantitative form and the same measure.

3.3.1. Convert Independent Variables to Ratio Scale

In this study, converting to create the new variables is done as follows: (1) with
continuous independent variables (except LU and soil), divide into groups according to
value ranges; and (2) with each independent variable, calculate the ratio of the area where
the VHIs tend to increase to the area with a clear trend corresponding with divided groups
or land use types and soil types; these values are used as values of new variables. In
step 1, continuous variables were divided into seven classes with thresholds shown in
Table 5. These thresholds were determined by testing gradually until the accuracy of the
discriminant function was the highest. In step 2, due to no significant difference between
the calculated results for VCI and TCI, their average values were taken as the value of
new variables. These values are shown in Figure 9. Therefore, afterwards, these changing,
independent variables were converted to the same measure and have values between zero
and one.
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Table 5. The classes of independent variables for regression model.

P_Density
(People/ha)

P_Rate
(%/year)

Elevation
(m)

Slope
(Degree)

D_Rivers
(m)

D_Roads
(m) Class

0.1 −5.5 200 0.0 0 0

1
2
3
4
5
6
7

0.3 0.6 400 0.8 250 250

0.5 1.4 550 1.3 500 500

0.8 1.9 650 1.8 1000 1000

1.2 2.9 750 2.5 1500 1500

1.8 4.6 850 3.5 2000 2500

3.0 12.0 950 5.0 2500 4000

30.0 14.0 1200 35.0 8000 13,000
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Figure 9. The ratio of the area where the VHIs tends to increase to the area with clear trends
correspond to (a) classes in Table 5, and (b) land use types and soil types.

3.3.2. The Role of Independent Variables on the VHIs’ Trend through Standardized
Coefficients of Discriminant Function

With the data series length being over 18.000, it was divided randomly into two parts,
one for training and the rest for testing, besides assessing and testing based on the method
“Leave one out classification”. This method built a discriminant function based on the
distance of Mahalanobis; the stepwise method is used to select variables for analysis.

The standardized coefficients of the discriminant function and structure matrix ac-
cording to a step by step are shown in Table 6. According to the structure matrix in this
table, coefficients of the discriminant function are determined in step 2. In this step, all
variables participating in the discriminant function meet the reliability; however, due to the
relatively small, standardized coefficient corresponding to the D_River variable in the VCI
of the discriminant function, this variable can be eliminated. Table 7 presents coefficients
and the accuracy of the discriminant function based on an independent test series. The
accuracy of using the method “Leave one out classification” is not presented because it
gives a higher accuracy than the independent series test method.

This result shows that for both VCI and TCI, the order of contribution to the difference
gradually decreases from P_Density, LU, soil, P_Rate and D_Roads, particularly for TCI in
the discriminant function added into the variable D_Rivers; this variable had the lowest
contribution. The elevation and slope variables do not contribute to the difference; these
are natural variables and almost unchanged over time. Among the selected variables, soil
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is a natural variable; however, this variable also changes over time, such as changes in
nutritional composition.

Table 6. Standardized coefficients of discriminant function and structure matrix according to a step
by step.

Standardized Canonical Discriminant
Function Coefficients Structure Matrix

Step 1 Setp 2 Step 3 Step 1 Step 2 Step 3

VCI

P_Density 0.519 0.527 0.528 0.713 0.717 0.718
LU 0.517 0.515 0.519 0.650 0.654 0.654
Soil 0.347 0.341 0.343 0.436 0.439 0.439

P_Rate 0.181 0.236 0.237 0.397 0.400 0.400
D_Roads 0.118 0.112 0.115 0.354 0.356 0.357
D_Rivers 0.017 0.018 0.340 0.342
Elevation 0.128 0.187

Slope 0.018 0.159

TCI

P_Density 0.564 0.577 0.700 0.713
LU 0.447 0.445 0.552 0.562
Soil 0.293 0.295 0.388 0.395

P_Rate 0.218 0.291 0.363 0.369
D_Roads 0.174 0.178 0.356 0.362
D_Rivers 0.155 0.156 0.353 0.359
Elevation 0.172 0.193

Slope 0.104 0.182

Table 7. Canonical discriminant function coefficients and accuracy.

VCI TCI

P_Density 2.377 2.719

LU 2.220 2.275

Soil 2.021 2.029

P_Rate 1.822 1.969

D_Roads 0.728 1.161

D_Rivers 1.155

(Constant) −4.026 −4.862

Correct (%) 82.3 85.8

According to Table 7, compared with VCI, the magnitude of the coefficients of the
discriminant function corresponding to TCI are higher, and the clearest is P_Density. This
result illustrates that TCI will be easier to change than VCI when variables in this equation
change, and the most sensitive to change is P_Density. In addition, the accuracy of the
discriminant function corresponding to TCI is also higher than VCI, showing that using
TCI in vegetation health monitoring is a priority option.

3.3.3. Analysing the Role of Independent Variables on the VHIs’ Trend

Independent variables were discussed, including variables participating in the logistic
regression equation in Table 7, including P_Density, LU, soil, P_Rate and then D_Roads, in
which the roles of LU and soil variables were analyzed above.

• Population density (P_Density);

According to Figure 9a, except for topographic elevation, slope and distance from
rivers, the areas with an increased VHIs’ trend significantly differ by class. The most
apparent difference is the population density variable. For this variable, the area with an
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increased VHIs’ trend is nearly proportional to population density. Places with population
densities above 1.8 people/ha have the most significant increase in VHIs, whereas places
with population densities below 0.5 people/ha have VHIs that tend to increase clarity.
High population density reflects the meeting for human sources for crop care. Population
density is also related to factors such as land use, soil, water sources and others, which are
also related to vegetation cover.

There are 94% of the population in this area, concentrated in four main land use
types, including Production Forest, Annual Crops, Perennial Agriculture and Paddy Rice.
According to Figure 10a, places have high population densities mainly concentrated in
Perennial Agriculture and Paddy Rice; these plant groups have increased the VHIs’ trends.
In contrast, in places with low population densities mainly concentrated in Production
Forest and Annual Crops, these plant groups have decreased the VHIs’ trends. According
to Figure 10b, places with high population densities are places where soil types significantly
increase the VHIs’ trends and vice versa. These figures show the relationship between
population density, crop types, soil types and the VHIs’ trend.
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Figure 10. Area of (a) land use types and (b) soil types according to the class of population density.

• Population growth rate;

The relationship between the VHIs’ trend and population growth rate is shown in
Figure 9a. Combined with Table 5, it is shown that P_Rates below 0.6%/year or above
4.6%/year are associated with decreased VHIs. Communes with a P_Rate of less than
0.6%/year are the communes with low P_Density, or places with low labour sources for
farming and have soil types and land use types of places with a low population where the
VHIs’ trends decrease. Furthermore, localities with a P_Rate of over 4.5%/year show a
high urbanization rate or a part of the plant area will be converted into construction land
and reduce the VHIs.

• Distance from roads;

As shown in Figure 9a, the distance from the cultivated land to roads is proportional
to the VHIs’ trend. This figure showed that compared with the P_Rate, elevation, slope
and D_Rivers variables, the VHIs are more sensitive than these variables. Distance from
roads represents the convenience of access to crop care, the possibility of agricultural
mechanization, the purchase and sale of agricultural materials and the sale of harvest
production. These advantages lead to higher profits and better crop care based on these
profit sources. The road system is not a stable element, but it can change over time through
freight traffic increase; the road was widened or made new; therefore, if in the same natural
condition, crops in convenient traffic places will have the VHIs increase and vice versa in
inconvenient places.

Besides the advantage from roads, according to Table 4, Perennial Agriculture and
Paddy Rice are grown near roads. These crops have a significant increase in the VHIs’ trend.
Moreover, this result shows that the main soil types near the road are Gleyic Fluvisols,
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Chromic Luvisols and Gleyic Luvisols, with a clearly increased trend of the VHIs. These
characteristics contribute to the VHIs’ trend increase in places near the roads.

• Distance from rivers.

The magnitude of the coefficients of the discriminant function corresponding to the
D_River variable in Figure 7 shows that the contribution of this variable is not significant
to the VHIs’ trend. The reason can be that D_Rivers is a natural variable and relatively
unchanged over time; therefore, the contribution of this variable is not considerable. How-
ever, this variable is a factor representing the ability to supply water to crops; thus, in the
places where water shortages are increasing due to climate change, the VHIs’ trends may
reduce. Moreover, high temperatures due to climate change and low soil moisture due to
lack of irrigation water during dry seasons increased water stress levels, making plants
underdeveloped (Kogan [34]) or causing reduced VHIs. In addition, in Table 4, places near
the river also have crop and soil types with increased VHIs’ trends. These characteristics
contribute to increasing the VHIs’ trends in places near surface water. The above results
show that several factors clearly influence the trend of the VHIs that humans can change to
increase cover, such as rising roads and population in low-density areas. In addition, this
result also shows that the land use type should be something other than production forest
or fallow land on nutrient-poor soils.

3.3.4. Accuracy of Simulation Results According to Predictor Variables

This step aims to initially identify the causes related to the quality of the trend simula-
tion of the VHIs using the discriminant analysis method. Figure 11 shows the accuracy of
the simulation results, where the black points represent the incorrect simulation, and the
remaining colour shows the correct result. This result shows that the distribution of points
with true and false results is relatively similar between VCI and TCI, and the incorrect part
is not scattered but concentrated in some places.
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The assessment of the trend forecasting accuracy of the VHIs according to the influenc-
ing factors will be based on this distribution. The variables included in the analysis appear
in the discriminant function, as shown in Table 7. For the variables P_Density, P_Rate,
D_Roads and D_Rivers, the analysis of the accuracy of the simulation results is based on
the classes divided in Table 5. For the LU and soil variables, the accuracy is statistically
calculated according to soil and land use types; the statistical results are shown in Figure 12.



Sustainability 2023, 15, 5695 18 of 21

Sustainability 2023, 15, x FOR PEER REVIEW 18 of 22 
 

based on the classes divided in Table 5. For the LU and soil variables, the accuracy is sta-
tistically calculated according to soil and land use types; the statistical results are shown 
in Figure 12. 

  

Figure 12. The accuracy of the discriminant function according to predictor variables. (a) classes in 
Table 5, (b) land use types and soil types. 

Figure 12 shows that only three variables, P_Density, LU and soil, have significant 
differences in the accuracy of simulation results according to soil types, LU and popula-
tion density classes. According to Figure 9, these are also the variables with the ratio of 
the area where the VHIs tend to increase to the apparent trend area with the largest am-
plitude. 

With P_Density, low precision corresponds to a place with medium population den-
sity and high corresponds to a very high or very low population density. Population den-
sity and population growth have affected the VHIs’ trend as analyzed; when these data 
are stable, the VHIs are less changing and are accurate in simulating the VHIs’ trends 
which will be lower and vice versa when these data are unstable. 

With LU, the accuracy of the discriminant function is relatively low when the land 
use types are Special-use Forest and Protection Forest. It can be explained as with P_Den-
sity, because Special-use Forest and Protection Forest are land use types with less change 
over time. A Protection Forest related to hydroelectric reservoir systems is strictly pro-
tected and less impacted by humans. Moreover, due to its location near water sources, the 
influences of climate change on water requirements here are not obvious. These charac-
teristics made the VHIs in the Protection Forest have less change over time, and its ability 
to simulate up and down trends is with low accuracy. In contrast to Special-use Forest 
and Protection Forest, the accuracy of the discriminant function with Production Forest, 
Unused Land and Paddy Rice has the highest accuracy because these are the land use 
types with a significant change in land cover, for the reasons indicated. 

Similar to the variables LU and P_Density, because on the soil types including Arenic 
Acrisols, Plinthic Ferralsols, Chromic Luvisols and Gleyic Luvisols there is a strong ten-
dency of VHIs, the accuracy of the discriminant function will be high. In contrast, the ac-
curacy will be low on the soil types where the VHIs’ trend is unclear such as Xanthic Fer-
ralsols and Rhodic Ferralsols. 

Figures 5 and 8 show that the discriminant function’s accuracy will be high in the 
clear trend area and vice versa. High-accuracy areas are characterized as densely or over-
populated on Arenic Acrisols, Plinthic Ferralsols, Chromic Luvisols and Gleyic Luvisols 
soils and Production Forest, Unused Land and Paddy Rice land use types. Conversely, the 

60

70

80

90

100

P_Density P_Rate D_Roads D_Rivers

(a)

Class 1 Class 2 Class 3
Class 4 Class 5 Class 6
Class 7

60

70

80

90

100

ACa
PdF

FRp
UnL

FRx
AnC

FRr
SpF

ACh
PtF

FLg
PeA

LVx
PdR

LVg

(b)

Soil LU

Figure 12. The accuracy of the discriminant function according to predictor variables. (a) classes in
Table 5, (b) land use types and soil types.

Figure 12 shows that only three variables, P_Density, LU and soil, have significant
differences in the accuracy of simulation results according to soil types, LU and population
density classes. According to Figure 9, these are also the variables with the ratio of the area
where the VHIs tend to increase to the apparent trend area with the largest amplitude.

With P_Density, low precision corresponds to a place with medium population density
and high corresponds to a very high or very low population density. Population density
and population growth have affected the VHIs’ trend as analyzed; when these data are
stable, the VHIs are less changing and are accurate in simulating the VHIs’ trends which
will be lower and vice versa when these data are unstable.

With LU, the accuracy of the discriminant function is relatively low when the land use
types are Special-use Forest and Protection Forest. It can be explained as with P_Density,
because Special-use Forest and Protection Forest are land use types with less change over
time. A Protection Forest related to hydroelectric reservoir systems is strictly protected and
less impacted by humans. Moreover, due to its location near water sources, the influences
of climate change on water requirements here are not obvious. These characteristics made
the VHIs in the Protection Forest have less change over time, and its ability to simulate
up and down trends is with low accuracy. In contrast to Special-use Forest and Protection
Forest, the accuracy of the discriminant function with Production Forest, Unused Land and
Paddy Rice has the highest accuracy because these are the land use types with a significant
change in land cover, for the reasons indicated.

Similar to the variables LU and P_Density, because on the soil types including Arenic
Acrisols, Plinthic Ferralsols, Chromic Luvisols and Gleyic Luvisols there is a strong ten-
dency of VHIs, the accuracy of the discriminant function will be high. In contrast, the
accuracy will be low on the soil types where the VHIs’ trend is unclear such as Xanthic
Ferralsols and Rhodic Ferralsols.

Figures 5 and 8 show that the discriminant function’s accuracy will be high in the
clear trend area and vice versa. High-accuracy areas are characterized as densely or over-
populated on Arenic Acrisols, Plinthic Ferralsols, Chromic Luvisols and Gleyic Luvisols
soils and Production Forest, Unused Land and Paddy Rice land use types. Conversely, the
low-precision areas were moderately densely populated on Xanthic Ferralsols and Rhodic
Ferralsols soils and Special-use Forest and Protection Forest land use categories.

4. Conclusions

This study shows that both VCI and TCI have apparent trends in the dry season and
show both increase and decrease tendencies. The distribution of grid cells with increasing
and decreasing trends of VCI and TCI is relatively the same. With VCI, the areas with
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increasing, decreasing and indistinct trends are nearly equivalent. With TCI, the area with a
decreasing trend is higher than an increasing area by 1.6 times. The total clear trend area for
TCI is higher than VCI. The more negative deviation of TCI compared with VCI is related
to the increasing temperature due to climate change, causing a lack of soil moisture in the
places away from surface water sources during the dry season.

Significant differences exist in the VHIs’ trends by land use and soil types. The land
use types related to the primary income sources from agricultural production, namely
Perennial Agriculture and Paddy Rice, have VCI and TCI with significant increasing trends.
In contrast, in low economic efficiency soil and land use types, the VHIs tend to decrease.
Differences in the trends of the VHIs across soils and land uses are also related to other
properties, such as population, water sources, transport and topography.

Based on logistic regression analysis, it is shown that the influence of land use types
on the trend of the VHIs in an increasing direction from negative to positive will include
from Production Forest, Unused Land, Annual Crops, Special-use Forest, Protection Forest,
Perennial Agriculture and then to Paddy Rice. According to the order, when there is an
area change at the beginning and the end of the group, the VHIs will change markedly.
For soil, the influence of soil types on the trend of the VHIs in the direction of increasing
from negative to positive will include from Arenic Acrisols, Plinthic Ferralsols, Xanthic
Ferralsols, Rhodic Ferralsols, Haplic Arenosols, Chromic Luvisols, Gleyic Fluvisols and
then Gleyic Luvisols. This result also shows that production forests should not be planted
or bear on nutrient-poor soils to increase the cover.

Based on the discriminant analysis method, it was found that there are only four pri-
mary factors affecting the VHIs’ trend in order to decrease gradually, including population
density, land use, soil, population growth rate and distance from the road. The role of the
variables in this order relates to human resources, priority in crop cultivation and changes
in seeds and farming methods. Based on this result, it is possible to adjust one of these
factors for plant growth.

The coefficients of the logistic regression equation and the discriminant function
illustrate that the TCI is more sensitive than the VCI when the independent variables
change, especially for changes in population density and land use. Furthermore, the
correlation coefficient analysis results between the trend of VCI or TCI with population
density show a good relationship, and TCI has a higher correlation coefficient than VCI.
Therefore, TCI can be considered a priority choice in assessing the trend of vegetation
health during the dry time in the context of climate change.
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