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Abstract: Each of the NDVI, EVI, NIRv, and kNDVI has varying strengths and weaknesses
in terms of representing vegetation dynamics. Identifying the comparative advantages
of these indices is crucial to objectively determine the dynamics of vegetation in dry-
land. In this study, Central Asia was selected as the research area, which is a typical
drought-sensitive and ecologically fragile region. The Mann–Kendall trend test, coefficient
of variation, and partial correlation analyses were used to compare the ability of these
indices to express the spatiotemporal dynamics of vegetation, its heterogeneity, and its
relationships with temperature and precipitation. Moreover, the composite vegetation
index (CVI) was constructed by using the entropy weighting method and its relative ad-
vantage was identified. The results showed that the kNDVI exhibited a stronger capacity
to express the relationship between the vegetation and the temperature and precipitation,
compared with the other three indices. The NIRv best represented the spatiotemporal
heterogeneity of vegetation in areas with a high vegetation coverage, while the kNDVI
had the strongest expressive capability in areas with a low vegetation coverage. The criti-
cal value for distinguishing between areas with a high and low vegetation coverage was
NDVI = 0.54 for temporal heterogeneity and NDVI = 0.50 for spatial heterogeneity. The
CVI had no apparent comparative advantage over the other four indices in expressing the
trends of changes in vegetation coverage and their correlations with the temperature and
precipitation. However, it enjoyed a prominent advantage over these indices in terms of
expressing the spatiotemporal heterogeneity of vegetation coverage in Central Asia.

Keywords: vegetation indexes; comparative advantages; central Asia

1. Introduction
The intensification of global climate change and the expansion of human activities pose

a serious threat to the health of vegetation ecosystems across the globe. Arid and semi-arid
areas cover more than 41% of the Earth’s land, and they are home to approximately 20%
of the global population [1]. These areas play a crucial role in global ecosystems, but their
scarce water resources and ecological vulnerability render them exceptionally sensitive
to climate change and human activities [2]. The scarcity of water has been exacerbated
by climate change and has led to limited vegetation growth and weakened ecosystem
functions [3,4]. The degradation of vegetation in these areas not only affects its capabilities
of carbon storage and water regulation but also intensifies soil erosion and water loss to
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further deteriorate the ecological environment [5,6]. The health of the vegetation is also
influenced by various climatic factors, such as the precipitation and temperature. All of
this makes it challenging to assess the dynamic processes of the degradation of vegetation
and its restoration [7]. Accurately monitoring and evaluating vegetation dynamics in arid
and semi-arid regions is thus crucial for comprehensively understanding the response
mechanisms of their ecosystems and for subsequently formulating effective conservation
measures [8,9].

Remote sensing technology is a vital tool in modern ecological research for studying
changes in the vegetation and the health of the ecosystem owing to its wide spatial coverage
and its ability to collect long-term time series data through non-invasive monitoring [10].
The Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI),
Near-infrared Reflectance Vegetation Index (NIRv), and Kernelized Normalized Difference
Vegetation Index (kNDVI) reflect the vegetation cover and biomass content in a given
region [11] through combinations of spectral bands. This information can help determine
the photosynthetic efficiency of regional vegetation and provides a scientific basis for
quantifying vegetation growth and assessing its spatiotemporal dynamics.

The NDVI, EVI, NIRv, and kNDVI are widely used for monitoring vegetation at a
global scale. The NDVI is a suitable proxy for the density of vegetation and has been
shown to be closely related to the vegetation coverage [12]. The EVI is an improvement
over the NDVI and can better handle interference by the background and atmosphere
as well as issues related to saturation [13]. The NIRv and kNDVI are both designed to
accurately represent the photosynthetic capacity of vegetation canopies and can be used
as proxies for the Gross Primary Productivity (GPP) [14–16]. Studies have shown that a
combination of indices can more accurately capture vegetation dynamics than a single
index. Smith et al. [17] found that single vegetation indices have considerable limitations
in arid environments, especially under diverse climatic conditions. The use of multiple
indices, such as the NDVI and EVI, can better reveal the comprehensive trends of changes
in the vegetation and biomass coverage. Research by Jones and Lee [18] in the Sahara
region showed that a combination of the NIRv and NDVI can accurately capture the
spatiotemporal variations in photosynthesis by vegetation. Zhao et al. [19] used the entropy
weighting method to integrate the Modified Normalized Difference Water Index (MNDWI),
NDVI, Fractional Vegetation Cover (FVC), and the Wetness Component derived from
tasseled cap transformation (WET) [20] to construct a comprehensive index representing
the degradation of grasslands and wetlands. However, prevalent research still favors
the use of a single index and has overlooked the potential of combining different indices.
Moreover, few studies have sought to compare the advantages of different indices in
this context.

Based on the above considerations, this study takes Central Asia as the research
area to analyze the characteristics of major vegetation indices in terms of representing
spatiotemporal variations in vegetation and their correlations with key climatic factors.
The objectives of this research are (1) to compare and analyze the ability of the NDVI, EVI,
NIRv, and kNDVI in expressing the trends of changes in the vegetation coverage and its
spatiotemporal heterogeneity at an annual scale; (2) to compare and analyze the ability of
these four vegetation indices to express the correlation between vegetation coverage and
the temperature and precipitation; and (3) to construct a composite index by combining the
NDVI, EVI, NIRv, and kNDVI through the entropy weighting method and to analyze its
effectiveness in capturing vegetation dynamics.



Water 2025, 17, 684 3 of 17

2. Materials and Methods
2.1. Study Area

Central Asia is located at the center of Asia and includes Kazakhstan, Kyrgyzstan,
Tajikistan, Turkmenistan, Uzbekistan, and the Xinjiang region of China (Figure 1). It covers
over 4 million square kilometers. Central Asia is geographically unique and features
a diverse climate that ranges from extremely arid deserts to humid and mountainous
regions. The dominant types of climate in the region are arid and semi-arid and render
the distribution of vegetation and ecosystems in the area highly complex and diverse [21].
The vegetation cover mainly consists of grasslands, agricultural land, forests, and deserts,
with grasslands and deserts being the most common. The grasslands are primarily located
in central and northern Kazakhstan, the lowlands of Kyrgyzstan, and certain areas of
Turkmenistan and Uzbekistan [22]. Forests are mainly concentrated in mountainous regions,
such as the Tianshan Mountains, Altai Mountains, and Pamir Plateau, while vast desert
areas are primarily located in the western parts of Turkmenistan and Uzbekistan, the
southwestern part of Kazakhstan, and the Tarim and Junggar Basins in Xinjiang [23,24].
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Figure 1. Overview of the study area.

The climatic and topographical conditions have a significant impact on the distribution
of local vegetation and changes in Central Asia [25]. Water resources in the region continue
to deplete under the influence of global climate change. This, in conjunction with the
degradation and desertification of land due to overgrazing, poses a serious threat to the
vegetation cover [26]. Changes in the vegetation cover, particularly along the boundary
between grasslands and deserts, are especially significant and jeopardize ecological security
and sustainable development [27].

2.2. Datasets and Pre-Processing

We used datasets of the NDVI, EVI, NIRv, and kNDVI, along with gridded data on
the regional temperature and precipitation.

The NDVI and EVI datasets were directly extracted from the MODIS MOD13Q1
product, released by NASA EOS Data Center (https://ladsweb.modaps.eosdis.nasa.gov,
accessed on 30 January 2025). The MOD13Q1 product was generated every 16 days at a
spatial resolution of 250 m. In addition to the NDVI and EVI layers, the MOD13Q1 product
contains the MODIS reflectance band 2 (near-infrared), which is required to calculate
the NIRv.

https://ladsweb.modaps.eosdis.nasa.gov
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The NIRv was calculated as the product of the NDVI and NIR bands [14].

NIRv = NIR × NDVI (1)

The kNDVI is a non-linear generalization of the NDVI.

kNDVI = tanh

((
NIR − Red

2σ

)2
)

(2)

where σ determines the distance between the NIR and red bands and is a tunable, length-
scale parameter designed to capture the non-linear sensitivity of the NDVI to the density of
vegetation. Following Camps-Valls et al. [15], its simplified formulation is = 0.5 (NIR + red).
Then, Equation (2) can be simplified as follows:

kNDVI = tanh
(

NDVI2
)

(3)

To further reduce the impact of errors in the atmospheric data, the maximum value
composite method [28] was applied to reproduce data on the NDVI, EVI, NIRv, and kNDVI
at an annual scale. Pixels with values of the NDVI smaller than 0.1 were considered to
represent unvegetated areas and were removed.

In addition to the above data, we used the entropy weighting method [29,30] to
combine the four indices—NDVI, EVI, NIRv, and kNDVI—and construct a composite
index, the CVI:

CVIt = ∑n
i=1(Wi × VIit) (4)

Wi =
1 − ei

∑n
i=1(1 − ei)

(5)

where CVIt is the CVI at time t, VIit is the value of the i-th index at time t, Wi is the weight
of the i-th index, ei represents the informational entropy of the i-th index, and n is the
total number of indices, four. The range of values of the CVI is [0, 1], with higher values
indicating greater vegetation cover.

Gridded datasets of the annual total precipitation (PRE) and mean temperature (TMP)
in the growing season (April–October) were obtained at a spatial resolution of 0.5◦ from the
Climate Research Unit Version 4.03 (CRU TS4.03). They were used to test the correlation
between the vegetation indices and hydrothermal factors. The spatial resolutions of the
vegetation indices were resampled to 0.5◦ to match the CRU data.

2.3. Data Analysis

We systematically compared the four indices with the CVI in terms of their patterns of
spatial distribution, trends of changes, spatiotemporal heterogeneity, and correlations with
the temperature and precipitation. The spatial patterns of the vegetation were expressed
by using the multi-year averages of the NDVI, EVI, NIRv, kNDVI, and CVI from 2000
to 2022. The trends of changes in the indices were checked by using the Mann–Kendall
non-parametric test, while their spatiotemporal heterogeneity was quantified by using the
coefficient of variation (CV). We employed a moving window with a size of 15 × 15 pixels
(i.e., 225 pixels were included) to calculate the spatial CV (CVs) [29]. The moving window
was separately applied to the annually averaged images of the indices. The temporal
CV (CVt) over 2000–2022 was calculated at the pixel scale. The coefficient of partial
correlation was used to measure the correlation between the indices and the precipitation
and temperature.
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3. Results
3.1. Spatiotemporal Variations in NDVI, EVI, NIRv, and kNDVI

Figure 2 shows that the spatial patterns of the NDVI, EVI, NIRv, and kNDVI in Central
Asia were generally similar and exhibited distinct variations with the elevation. Overall,
there was extensive vegetation coverage in humid mid-mountain areas, which received
abundant precipitation and had a suitable temperature. The values of the NDVI, EVI, NIRv,
and kNDVI in the Altai Mountains, Tianshan Mountains, Pamir Plateau, Kazakh–Kyrgyz
Steppe, Turgay Plateau, and downstream areas of the Isbim River were >0.5, >0.3, >0.15,
and >0.2, respectively. By contrast, vegetation growth was constrained by cold tempera-
tures in mountainous areas above 3500 m, where winters are long and temperatures are
low, and led to lower values of the NDVI, EVI, NIRv, and kNDVI of <0.4, <0.3, <0.15,
and <0.2, respectively. Moreover, vegetation coverage was generally low in arid areas at a
low elevation where precipitation was scarce, including the Tarim Basin, Junggar Basin,
Karakum Desert, Caspian Lowland, and areas surrounding the Aral Sea.
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Figure 2. Spatial distributions of the mean annual NDVI, EVI, NIRv, and kNDVI in Central Asia.

The annual regional average values of the NDVI, EVI, NIRv, and kNDVI in 2000–2022
were calculated from the time series of image-related data to analyze the interannual
variations in them. Figure 3 shows that all four indices exhibited consistent interannual
fluctuations, with the minimum values recorded in 2008 and 2016, and the maximum
values occurring in 2002 and 2007. However, an analysis of their trends suggested that the
values of the NDVI and EVI had increased, with values of the Mann–Kendall statistic Zc of
0.37 and 0.58, respectively. Neither of these values reached significance, however (p > 0.05).
By contrast, the NIRv and kNDVI both exhibited a trend of decrease, with values of Zc of
−0.05 and −0.69, respectively. Neither was statistically significant (p > 0.05).

We applied Mann–Kendall tests to the time series of images at the pixel scale for
spatial analysis. Figure 4 shows that the spatial distributions of the patterns of changes in
the four indices were generally consistent, with regions exhibiting overlapping trends of
increase or decrease. Areas in which their values increased were primarily concentrated
in the central region with low vegetation coverage, such as areas around the Tarim Basin,
while areas in which the values of the indices decreased were mainly distributed in regions
with higher vegetation coverage. They included the western Tianshan Mountains, Turgay
Plateau, Isbim River Basin, and downstream areas of Irtysh River.



Water 2025, 17, 684 6 of 17
Water 2025, 17, x FOR PEER REVIEW 6 of 18 
 

 

 

Figure 3. Interannual variations in the average NDVI, EVI, NIRv, and kNDVI in the grasslands of 
Central Asia from 2000 to 2022. 

We applied Mann–Kendall tests to the time series of images at the pixel scale for 
spatial analysis. Figure 4 shows that the spatial distributions of the patterns of changes in 
the four indices were generally consistent, with regions exhibiting overlapping trends of 
increase or decrease. Areas in which their values increased were primarily concentrated 
in the central region with low vegetation coverage, such as areas around the Tarim Basin, 
while areas in which the values of the indices decreased were mainly distributed in re-
gions with higher vegetation coverage. They included the western Tianshan Mountains, 
Turgay Plateau, Isbim River Basin, and downstream areas of Irtysh River. 

However, there were differences in the sizes of areas in which the values of the indi-
ces exhibited different trends of change. The value of the NDVI increased over a much 
larger area than the other three indices, while that of the kNDVI significantly decreased 
over a much larger area. The ratios of areas that recorded significant changes (|Zc| > 1.96) 
in values of the NDVI and kNDVI were 18.28% and 17.30%, respectively. The NDVI sig-
nificantly increased (Zc > 1.96) in 12.60% of the region and significantly decreased in 
5.67%. The value of the kNDVI significantly increased (Zc > 1.96) over 8.28% of the area 
and significantly decreased (Zc < −1.96) in 9.01%. The ratios of areas that had undergone 
significant changes (|Zc| > 1.96) in values of the EVI and NIRv were 15.06% and 13.58%, 
respectively. Among them, the EVI significantly increased (Zc > 1.96) in 10.57% of the re-
gion and significantly decreased (Zc < −1.96) in only 4.49%. The value of the NIRv signifi-
cantly increased (Zc > 1.96) in 8.05% of the region and significantly decreased in 5.54%. 

Figure 3. Interannual variations in the average NDVI, EVI, NIRv, and kNDVI in the grasslands of
Central Asia from 2000 to 2022.

Water 2025, 17, x FOR PEER REVIEW 7 of 18 
 

 

 

Figure 4. Spatial distributions of the range of values of Zc of different indices according to the Mann–
Kendall non-parametric test. The critical value of Zc was 1.96 at a significance level of p = 0.05. 

When we overlaid the types of changes in the trends of the indices in a pairwise man-
ner, we found that the difference between the NDVI and NIRv was the largest, with their 
area ratios exhibiting different but significant trends of change (p < 0.05) that reached 
13.57%. Among them, the area in which the NDVI significantly increased while the NIRv 
showed no significant change accounted for 6.41% of the total (Figures 5 and 6b). The ratio 
of areas in which the EVI and kNDVI and the NIRv and kNDVI exhibited different trends 
reached 12.87% and 12.16%, respectively. The difference between the EVI and NIRv was 
the smallest (i.e., they were the most similar), with the ratio of area in which they exhibited 
different trends of changes at 8.63%. The ratio of the area in which the NDVI and kNDVI 
had different trends of changes was 9.93%. 

 

Figure 5. Ratios of the range of values of Zc in the Mann–Kendall test (a) and overlayed trends (b). 
U represents non-significant trends and D denotes a significant decrease, while I indicates a signifi-
cant increase. 

Figure 4. Spatial distributions of the range of values of Zc of different indices according to the
Mann–Kendall non-parametric test. The critical value of Zc was 1.96 at a significance level of p = 0.05.

However, there were differences in the sizes of areas in which the values of the indices
exhibited different trends of change. The value of the NDVI increased over a much larger
area than the other three indices, while that of the kNDVI significantly decreased over
a much larger area. The ratios of areas that recorded significant changes (|Zc| > 1.96)
in values of the NDVI and kNDVI were 18.28% and 17.30%, respectively. The NDVI
significantly increased (Zc > 1.96) in 12.60% of the region and significantly decreased in
5.67%. The value of the kNDVI significantly increased (Zc > 1.96) over 8.28% of the area
and significantly decreased (Zc < −1.96) in 9.01%. The ratios of areas that had undergone
significant changes (|Zc| > 1.96) in values of the EVI and NIRv were 15.06% and 13.58%,
respectively. Among them, the EVI significantly increased (Zc > 1.96) in 10.57% of the region
and significantly decreased (Zc < −1.96) in only 4.49%. The value of the NIRv significantly
increased (Zc > 1.96) in 8.05% of the region and significantly decreased in 5.54%.
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When we overlaid the types of changes in the trends of the indices in a pairwise
manner, we found that the difference between the NDVI and NIRv was the largest, with
their area ratios exhibiting different but significant trends of change (p < 0.05) that reached
13.57%. Among them, the area in which the NDVI significantly increased while the NIRv
showed no significant change accounted for 6.41% of the total (Figures 5 and 6b). The ratio
of areas in which the EVI and kNDVI and the NIRv and kNDVI exhibited different trends
reached 12.87% and 12.16%, respectively. The difference between the EVI and NIRv was
the smallest (i.e., they were the most similar), with the ratio of area in which they exhibited
different trends of changes at 8.63%. The ratio of the area in which the NDVI and kNDVI
had different trends of changes was 9.93%.
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3.2. Comparison Between the Spatial and Temporal Heterogeneity of NDVI, EVI, NIRv, and kNDVI

The CVt rankings in Figure 7 show that the kNDVI had the highest ratio of areas with
the maximum CVt among the four indices (Figure 7e), and its CVt was greater than those
of the other three indices in 81.65% of the study area. The NIRv accounted for 17.20%
(Figure 7b). The NDVI had the smallest CVt (Figure 7h), with a ratio of 63.99%, while EVI
accounted for 28.86% (Figure 8b). The NIRv had the second-largest CVt (Figure 7f), with a
proportion of 62.95%, while the NDVI, EVI, and kNDVI accounted for 13.89%, 13.91%, and
9.25%, respectively. The EVI had the third-largest CVt (Figure 7g), with a ratio of 56.21%,
while the NDVI accounted for 21.99% (Figure 8b). Thus, the four indices were ranked
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as kNDVI > NIRv > EVI > NDVI in terms of their ability to express the temporal CV of
vegetation coverage.
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Figure 7. CVt maps of different indices and their rankings. (a–d) show the spatial distributions of
CVt of NDVI, EVI, NIRv, and kNDVI, respectively. (e) max refers to the index with the largest CVt
among the four indices. (f) second refers to the index with the second largest CVt among the four
indices. (g) third refers to the index with the third largest CVt among the four indices. (h) min refers
to the index with the smallest CVt among the four indices.
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Figure 8. Area ratios of the CVt grades (a) and map of CVt ranks of the four indices (b).

The map of CVt in Figure 7 shows that the values of the NDVI, EVI, NIRv, and kNDVI
decreased sequentially in areas with CVt < 0.2 and increased sequentially in areas with
CVt > 0.2. The values of the kNDVI were notably larger than those of the other three indices
in areas with CVt > 0.5. The area ratios in maps of the spatial distributions of the NDVI, EVI,
NIRv, and kNDVI were 14.69%, 8.26%, 3.69%, and 5.23%, respectively, for CVt < 0.1. Their
area ratios for 0.1 < CVt < 0.2 were 59.83%, 59.06%, 47.20%, and 13.49%, respectively, while
those for 0.2 < CVt < 0.3 were 19.71%, 24.39%, 33.25%, and 34.47%, respectively. The area
ratios of the NDVI, EVI, NIRv, and kNDVI for 0.3 < CVt < 0.4 were 4.31%, 6.37%, 11.20%,
and 24.48%, while those for 0.4 < CVt were 1.45%, 1.92%, 4.65%, and 22.32%, respectively.

It is evident from the CVs map in Figure 9 that the NDVI, EVI, NIRv, and kNDVI
decreased sequentially in areas with CVs < 0.1 and increased sequentially in areas with
CVs > 0.20. The area ratios of NDVI, EVI, NIRv, and kNDVI for CVs < 0.05 were 25.91%,
20.06%, 18.05%, and 6.20%, respectively; were 35.56%, 32.47%, 28.98%, and 24.70% for
0.05 < CVs < 0.10; had values of 6.75%, 8.69%, 11.01%, and 17.32%, respectively, for
CVs > 0.35; and were 2.90%, 3.54%, 4.31%, and 5.96%, respectively, for 0.30 < CVs < 0.35.
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Figure 9. CVs maps of the indices and their rankings. (a–d) show the spatial distributions of CVs of
NDVI, EVI, NIRv, and kNDVI, respectively. (e–h) “MAX”, “Second”, “Third” and “Min” refer to the
index with largest, second, third, and minimum CVs, respectively.

Figure 9e shows that the kNDVI had the highest ratio of areas with the maximum CVs,
79.47%, while the NIRv accounted for 20.22% (Figure 10b). The NDVI had the smallest
CVs (Figure 9h), with a ratio of 67.98%. The NIRv had the second-largest CVs (Figure 9f),
with a ratio of 52.77%, while the NDVI, EVI, and kNDVI accounted for 22.44%, 14.05%, and
10.74%, respectively. The EVI had the third-largest CVs (Figure 9g), with a ratio of 71.70%,
while each of the other three indices accounted for around 9.50%.
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3.3. Correlation Between the Indices, and Temperature and Precipitation

As shown in Figures 11 and 12, the interannual variations in vegetation cover in
Central Asia exhibited a prominently higher correlation with the precipitation than with
the temperature, with a predominantly positive correlation with the former and a negative
correlation with the latter. The ratios of areas for the four indices that were positively
correlated with the precipitation ranged from 87.69% to 91.04% (Figure 12a), while the
ratios that were negatively correlated with the temperature ranged from 59.71% to 65.11%
(Figure 12b). The ratios of a significantly positive correlation (p < 0.05) between the
NDVI, EVI, NIRv, and kNDVI, and the precipitation were 30.96%, 28.10%, 26.67%, and
34.31%, respectively, with the kNDVI exhibiting the highest value. The ratios of the four
indices exhibiting a significantly negative correlation (p < 0.05) with the precipitation
were minor and ranged from 0.12% to 0.25% (Figure 12a). The ratios of significantly
positive correlations (p < 0.05) with the temperature were also minor, ranging from 1.39% to
1.80%, while those of a significantly negative correlation with the temperature were higher,
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ranging from 5.93% to 8.14%. The kNDVI had a notably higher ratio than the other three
indices (Figure 12b). When overlaying the correlations between the four indices and the
temperature and precipitation, we observed that the UP category had the highest ratios
of significant correlations with either the temperature or precipitation (Figure 12c), with
values of 28.71%, 25.77%, 24.74%, and 31.53%, respectively. The ratios of their significant
negative correlations with the temperature and non-significant positive correlations with
the precipitation (NU category) were 4.34%, 4.25%, 4.29%, and 6.18%, respectively. Among
them, the kNDVI had a higher ratio than the other three indices. It is evident that the kNDVI
could better represent the correlations between the vegetation cover and the precipitation
and temperature than the other three indices.
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Figure 13 shows that the CVI was similar to the other four indices in terms of the 
spatial pattern of vegetation cover in the study area. The high-value areas for all four in-
dices corresponded to those for the CVI. The overall trend in values of the CVI in the entire 
study area was one of a non-significant increase (Zc = 1.16 < 1.96) (Figure 14a). The ratio 
of area in which it underwent significant changes (|Z| > 1.96) was 15.99%, with 9.96% of 
this exhibiting a significant increase (Zc > 1.96) and 6.03% showing a significant decrease 
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Figure 11. Spatial distributions of the correlations between the NDVI, EVI, NIRv, and kNDVI and
the temperature and precipitation in the study area from 2000 to 2022. The critical value justifying
the significance of the partial correlation coefficient at a level of 0.05 was 0.4227. “U” represents
a non-significant correlation, “P” denotes a significantly positive correlation, “N” represents a
significantly negative correlation, “UN” denotes a non-significant correlation with the temperature
but a significantly negative correlation with the precipitation, and “PN” means a significantly positive
correlation with the temperature but a significantly negative correlation with the precipitation, while
the remaining terms can be deduced by analogy with the above.
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Figure 12. Area ratios of different types of correlations between the four indices and the temperature
and precipitation (a,b). “U” represents a non-significant correlation, “P” indicates a significantly posi-
tive correlation, “N” denotes a significantly negative correlation, “UP” is a non-significant correlation
with the temperature but a significantly positive correlation with the precipitation, and “NU” denotes
a significantly negative correlation with the temperature but a non-significant correlation with the
precipitation (c). The rest can be deduced by analogy.
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3.4. Comparison of CVI of NDVI, EVI, NIRv, and kNDVI

Figure 13 shows that the CVI was similar to the other four indices in terms of the
spatial pattern of vegetation cover in the study area. The high-value areas for all four
indices corresponded to those for the CVI. The overall trend in values of the CVI in the
entire study area was one of a non-significant increase (Zc = 1.16 < 1.96) (Figure 14a). The
ratio of area in which it underwent significant changes (|Z| > 1.96) was 15.99%, with 9.96%
of this exhibiting a significant increase (Zc > 1.96) and 6.03% showing a significant decrease
(Zc < −1.96) (Figure 14b). It thus did not boast a clear comparative advantage over the
other indices.

Water 2025, 17, x FOR PEER REVIEW 12 of 18 
 

 

 

Figure 13. Spatial characteristics of the CVI: (a) spatial distribution of the CVI, (b) spatial differences 
in its trends of changes, (c) spatial distributions of its CVs, and (d) spatial distributions of CVt. The 
critical value of Zc in the Mann–Kendall test at the significance level of p = 0.05 was 1.96. 

 

Figure 14. Interannual variations in the CVI (a) and ratio of the range of Zc obtained from the Mann–
Kendall test (b). 

The ratio of CVI with CVs > 0.3 was 51.47% (Figure 15a), while the corresponding 
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Figure 13. Spatial characteristics of the CVI: (a) spatial distribution of the CVI, (b) spatial differences
in its trends of changes, (c) spatial distributions of its CVs, and (d) spatial distributions of CVt. The
critical value of Zc in the Mann–Kendall test at the significance level of p = 0.05 was 1.96.
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Figure 14. Interannual variations in the CVI (a) and ratio of the range of Zc obtained from the
Mann–Kendall test (b).

The ratio of CVI with CVs > 0.3 was 51.47% (Figure 15a), while the corresponding
proportions in the NDVI, EVI, NIRv, and kNDVI were only between 6.75% and 17.32%
(Figure 10a). A total of 77.67% to 98.55% of the area for the four indices had values of
CVt < 0.4 (Figure 8a), while only 4.60% had values of CVt < 0.4. Overall, the CVI was
clearly superior to the other four indices in expressing spatiotemporal heterogeneity.
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Figure 15. Area ratios of CVs grades (a) and CVs grades (b) for CVI.

Figures 16 and 17 show that the CVI had a higher correlation with the precipitation
than with the temperature. Further analysis revealed that the total area over which the CVI
had a significant correlation with either the temperature or the precipitation was 38.30%,
while the corresponding values for the NDVI, EVI, NIRv, and kNDVI were 36.16%, 33.62%,
32.07%, and 41.19%, respectively. The ratio of the kNDVI was the highest, but the CVI
surpassed the other three indices.
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Figure 16. Spatial distributions of the correlations between the CVI and the temperature and precipita-
tion. The critical value justifying the significance of the partial correlation coefficient at a significance
level of 0.05 was 0.4227.
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Figure 17. Area ratios of the correlations between the CVI and the temperature and precipitation.

Specifically, 6.83% of the values of the CVI exhibited a significant negative correlation
with the temperature, while 32.08% of it yielded a significant positive correlation with the
precipitation. These values were lower than those for the kNDVI but higher than those for
the other three indices. This shows that the CVI integrates the four indices, which means
that it can be used as a composite index to analyze the relationship between changes in the
vegetation cover and the temperature or precipitation.

4. Discussion
Central Asia is located in the heart of the Eurasian continent, has a dry and hot climate,

and receives little rainfall. Its topography and latitude play a significant role in regulating its
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precipitation and temperature. The distribution of vegetation in the region exhibits a distinct
altitudinal and latitudinal zonality. Restricted by a high temperature and scarce rainfall,
desert vegetation prevails in its plains, with low vegetation coverage in areas around the
Aral Sea, Tarim Basin, and Junggar Basin. By contrast, its mountainous areas and high-
latitude regions in the north receive abundant precipitation and have a lower temperature.
The water resources and temperature are thus suitable for the growth of vegetation, which
mainly comprises meadows, coniferous forests, and broad-leaf forests [31]. Moreover, the
regulation of precipitation and temperature by the topography and latitude of Central
Asia also determines the correlation between them and the vegetation cover [32]. Except
for some high mountainous regions, vegetation growth is limited by an insufficient water
supply [33]. Vegetation growth is sensitive to changes in the precipitation and is positively
correlated with it [34]. An increase in the temperature during the growing season limits
plant growth, whereas a rise in the temperature accelerates evapotranspiration to accelerate
water loss, especially in plains dominated by desert plants.

More than 100 vegetation indices have been developed in research thus far [35,36].
Most studies tend to use a single index when quantifying vegetation dynamics, but different
indices have their own advantages and disadvantages in terms of representing the status
of its growth [37,38]. The use of a single index may lead to misjudgment. For instance,
Yan et al. [30] found that 28.69% of the grassland in the Ili Valley exhibited varying trends
of changes over 2000–2019, as indicated by the TI-NDVI and NDVImax. Our analysis
also revealed that although the NDVI, EVI, NIRv, and kNDVI were relatively consistent in
expressing the spatial differences in vegetation coverage, they yielded significant differences
in expressing the trends of changes in the vegetation and its spatiotemporal heterogeneity,
as well as their correlations with the temperature and precipitation. Therefore, a method
that combines multiple indices is recommended for more accurately representing the
dynamic status of vegetation.

Furthermore, an analysis of Figures 7e and 9e reveals that although the values of CVs
and CVt of the kNDVI and NIRv were the largest in most parts of the vegetated region
of Central Asia, there were significant differences between them. When NDVI > 0.50,
the values of CVs of the NIRv were the largest in most areas (Figure 18a), while when
NDVI > 0.54, the values of CVt of the NIRv were the largest in most areas (Figure 18b).
It is evident that the NIRv had the largest values of CVs and CVt in areas with a high
vegetation coverage, while the kNDVI had the largest CVs and CVt in areas with low
vegetation coverage.
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To balance the advantages and disadvantages of multiple indices, it is good practice
to combine them into a comprehensive index by using objective methods of weighting
them. The Remote Sensing Ecological Index (RSEI), which is widely used to quantify
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the overall ecological environment, is representative of this [39,40]. We used the entropy
weighting method in this study to integrate the NDVI, EVI, NIRv, and kNDVI to construct
the CVI. It significantly outperformed each of the four indices in terms of expressing the
spatiotemporal heterogeneity of vegetation cover. Moreover, the values of the kNDVI and
NDVI reflected significant changes and correlations with the temperature and precipitation
over a larger proportional area compared with the EVI and NIRv. Although the ratios of
significant changes and correlations represented by the CVI were lower than those of the
kNDVI and NDVI, they were still higher than those of the EVI and NIRv. The CVI thus
delivers superior results to those of the four individual indices.

Although vegetation indices such as time series NDVI of MODIS, Global Inventory
Modeling and Mapping Studies (GIMMS), and The Global Land Surface Satellite (GLASS)
have been widely recognized and applied in lots of studies, the limitations of those indices
should not be overlooked [41,42]. This study revealed that 13.57% of the study area
exhibited divergent changing trends between NDVI and NIRv, while the proportion also
reached 12.87% when comparing EVI and kNDVI. In the absence of comprehensive ground-
truth information, the definitive conclusions remain elusive [43,44]. This shows an under-
explored aspect in the widespread applications of different vegetation indices, which
requires further investigation [45]. Furthermore, these findings highlight that the selection
of vegetation indices exerts substantial impacts on the research results of the dynamics of
vegetation growth, indicating that comprehensive consideration is absolutely necessary
when selecting indices.

5. Conclusions
In this study, Central Asia was selected as the research area to systematically compare

four satellite-derived vegetation indices: the NDVI, EVI, NIRv, and kNDVI. We also
combined them based on the entropy weighting method to construct the CVI and used it to
determine the spatial distribution of changes in vegetation coverage, its spatiotemporal
heterogeneity, and its correlations with the temperature and precipitation. We found that
the NDVI, EVI, NIRv, and kNDVI as well as the CVI for Central Asia revealed similar spatial
patterns of changes in vegetation cover in general. The kNDVI and NIRv generally reflected
a non-significant decreasing trend of interannual changes in vegetation (p > 0.05), while
the NDVI, EVI, and CVI generally showed a non-significant increasing trend of changes
(p > 0.05). The spatial ratios of significant changes (negative or positive) according to the
NDVI and kNDVI were 18.28% and 17.30%, respectively, while those of the EVI and NIRv
were 15.06% and 13.58%, respectively. The kNDVI recorded results that were different from
those of the EVI and NIRv but similar to those of the NDVI. The NIRv yielded different
results from those of the NDVI and kNDVI but similar to those of the EVI. The values of the
kNDVI of 81.65% and 79.47% for the vegetated region of Central Asia yielded the largest
values of CVt and CVs among the four indices, followed by the NIRv. The NIRv and kNDVI
were best able to represent areas with high and low vegetation coverage, respectively. The
critical value of the NDVI for distinguishing between the temporal heterogeneity (CVt) of
high and low vegetation cover was 0.54, while that for spatial heterogeneity (CVs) was
0.50. The kNDVI had a much better ability than the other three indices to express the
correlation between the vegetation cover and the temperature and precipitation. The values
of the kNDVI of 41.19% for the vegetated region of Central Asia exhibited a significant
correlation (negative or positive) with either the temperature or precipitation, compared
with 36.16%, 33.62%, and 32.07% for the NDVI, EVI, and NIRv, respectively. Around 15.99%
of the values of the CVI reflected significant changes (negative or positive), while 38.30%
of its values were significantly correlated (negatively or positively) with the temperature
or precipitation. This means that the CVI exhibited no prominent comparative advantage
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over the other indices in terms of representing changes in vegetation cover or correlations
with the temperature or precipitation. The ratios of values of CVs > 0.3 or CVt > 0.4 of the
CVI were 51.47% and 95.40%, respectively. This shows that the CVI was clearly superior to
the other four indices in terms of expressing the spatiotemporal heterogeneity of vegetation
cover in Central Asia.
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