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A B S T R A C T   

Analyzing vegetation greenness considering climate and land cover changes is crucial for 
Bangladesh given the historically drier North-West and South-West regions of Bangladesh have 
shown prominent climatic and hydrological variations. Therefore, this study assessed the spatial 
and temporal variation of NDVI and its relationship with climate and land cover changes from 
2000 to 2022 for these regions. In this study, Moran’s I and Getis Ord Gi* were employed for 
spatial autocorrelation and Mann-Kendall, Sen’s slope test along with Innovative Trend Analysis 
were deployed to identify temporal trends of NDVI. RMSE, MAE and R-squared values were 
assessed between computed and observed PET. Correlation of NDVI with climate variables were 
assessed through multivariate correlation analysis and correlation mapping. Additionally, Pear-
son product moment correlation was applied between different types of land cover and NDVI. 
Spatial autocorrelation outcomes showed that NDVI values have been clustered in distinct hot-
spots and cold-spots over the years. Temporal trend detection results indicate that NDVI values 
are rising significantly all over the regions. Multivariate correlation analysis identified no climate 
variable to be the limiting factor for NDVI changes. Similarly, the precipitation-NDVI correlation 
map displayed no significant correlation. Nonetheless, temperature-NDVI correlation map illus-
trated varying degrees of mostly moderate and strong positive correlations with distinct negative 
correlation results in the Sundarbans of South-West region. Land cover pattern analysis with 
NDVI showed a positive correlation to forest, cropland and vegetation area increasing and 
negative correlation to grassland and barren area decreasing. In this regard, Rangpur division 
exhibited stronger correlations than Rajshahi division in North-West. The findings indicate that 
NDVI changes in the regions are largely dependent on land cover changes in comparison to 
climate trends. This can instigate further research in other hydrological regions to explore the 
natural and man-made factors that can affect the greenery and vegetation density in specific 
regions.   

1. Introduction 

In the face of continuous anthropogenic activities and their far-reaching consequences, climate change has accelerated and 
remained one of the most formidable global challenges. It has disastrous consequences on environment, vegetation dynamics, agri-
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culture and subsequent food security; especially in the developing countries. Bangladesh is one of the most climate-vulnerable 
countries in the world as the agriculture and food production are impacted and constrained by seasonal variability, and climatic 
variables in this country [1]. Although climate change had adverse impacts all around Bangladesh, the northwestern districts and some 
of the southwestern districts are the worst-sufferer compared to other hydrological regions of the country [2,3]. North-West (NW) 
region is characterized by semi-arid climate and below average rainfall ranging from 1400 mm to 2200 mm [4,5]. On the other hand, 
South-West (SW) region is slightly more humid due to its proximity to the Bay of Bengals but with an average rainfall below 1400 mm 
[6]. The temperature of the regions varies between 25◦C to 35◦C for maximum temperature and 10◦C to 20◦C for minimum temper-
ature [7]. Other climatic variables such as PET, sunshine hours vary seasonally and spatially with different levels of drought risk in the 
regions [8–12]. Hence, the need to understand the spatio-temporal relationship between climate change variables, human activities 
and vegetation dynamics in the North-West (NW) and South-West (SW) regions of Bangladesh is significant for local adaptation and 
mitigation plans [13]. 

Vegetation is one of the most important links to regulate climate establishing interrelations among climate, hydrology, soil 
moisture and human activities [14,15]. Climate factors and variables along with anthropogenic activities affect the spatial and 
temporal dynamics of vegetation cover [16,17] Remote sensing methodologies using comprehensive spatial and temporal datasets 
have been widely employed in studies focusing on vegetation monitoring to identify trends and patterns responses to climate vari-
ability [18–23]. There have been various Standardized Vegetation indices (SVI) in use for assessing vegetation health such as NDVI, 
VCI, EVI etc. Normalized Difference Vegetation Index (NDVI) has been regarded a widely used and effective tool among them as it 
provides a comprehensive measurement of vegetation greenness and photosynthesis activity by capturing spectral reflectance of 
vegetation through remote sensing [24–29]. Vegetation greenness depends on several indicators such as temperature, precipitation, 
solar radiation, increase in average leaf size and area, number of leaves per plant, plant density, species, leaf growing season, areas of 
crops grown and numbers of crops grown [17,30]. Increment of NDVI values indicate an increase in more greenery in terms of area and 
intensity and degradation of the greenery and ecosystem would get reflected with a decrement in NDVI values [31–36]. Time series 
analysis of NDVI values provide accurate and efficient results when detecting changes in vegetation cover, mapping forest disturbance 
and classifying land use and land cover [37–39]. This has led to numerous studies in the past decade covering different parts of the 
world using different NDVI datasets such as MODIS, Landsat, NOAA-AVHRR with various statistical to assess the existence and extent 
of correlation of climatic and meteorological variables [40–43]. As the MODIS data products have been temporally consistent since 
2000s and better for assessing vegetation changes in arid and semi-arid areas, recent studies have been increasingly using MODIS 
datasets [44,45]. Various studies demonstrated that the magnitude and timing of peak NDVI showed significant variability across 
different study sites across the sites based on seasonality with relatively high values of statistical parameters [46–49]. Spatial and 
temporal changes in vegetation health based on NDVI and its relationship with climate change variables and human activities were 
studied predominantly for Asian and African regions too. These studies used linear trend analysis, correlation analysis, ordinary least 
squares and buffer analysis to examine the most important indicators for different provinces or river basins [16,50–54]. Similarly, for 
studies covering South-Asia, results predicted vegetation and land use changes to be severely important to efficiently adapt to climate 
change impacts by analyzing NDVI time series for historical base periods and future predictions [55–59]. For Bangladesh, vegetation 
response to the effect of climate change was mostly studied for NW region [60–62] where fluctuations in vegetation density and 
intensity have been extensively evaluated by NDVI in conjecture with climate variables [63–66]. Moreover, being a primary parameter 
in various climate change studies, land use have shown to impact regional and global climate because of the influence anthropogenic 
activities [10,67–71]. Hence, there have been many studies based on land use changes for different study areas using advanced remote 
sensing datasets and approaches where both responses to climate because of land use and land cover changes, and changing land use 
patterns because of changing climate have been assessed [72–75]. In Bangladesh where anthropogenic changes like population and 
economy growth, infrastructure building along with biophysical factors, hydroclimatic variations and climate change are prominent, 
land use patterns are assessed based on NDVI studies in the recent decade [76–78]. While previous studies in Bangladesh have 
extensively analyzed these factors individually, concurrent assessment of combined influence of climatic variables and land cover 
changes on vegetation dynamics in critical hydrogeological zones remains scarce in current literature. Hence, understanding how 
changes in climate variables and land use patterns interact with vegetation greenness using NDVI datasets and integrating observed 
and remote sensing data with advanced analytical techniques are crucial in understanding the effects of climate change in NW and SW 
region of Bangladesh. 

Several spatial autocorrelation studies of NDVI values quantify to which degree neighboring geographical units exhibit similar and 
different values or range to find out the spatial patterns of vegetation dynamics [52,79–82]. Quantitative analytical studies for 
detecting temporal trend are mostly based on non-parametric tests as they are better suited to deal with non-normally distributed 
hydrometeorology data than parametric methods [83]. The Mann-Kendall test and Sen’s slope have been the most widely used 
nonparametric trend detection tests in many hydrological and vegetation index based studies [84–87]. Though bigger sample sizes 
throughout multiple decades make the tests more powerful, Mann Kendall has some restrictive assumptions such as data are serially 
independent, normality of the distribution and the length of the data along with assessing only the existence of monotonic trend [88]. 
Unlike Mann Kendall and Sen’s slope test, Innovative Trend Analysis (ITA) is free from such assumptions and can detect both 
monotonic and non-monotonic trends [89]. Hence, increasingly ITA has been adopted in recent hydrological and environmental 
studies to detect changes and patterns [90–92]. Multivariate correlation analysis has proven to be an effective and multidimensional 
time series analysis in contemporary studies to assess the relationship among various interconnected meteorological and hydrological 
variables, vegetation indices and land use/cover parameters [93–95]. Additionally, Pearson correlation coefficient has been a widely 
used statistical method in studies between land use changes and its impact on vegetation cover and climatic variables in many climate 
critical areas [96–98]. 
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In this study, 16-day 250 m MODIS NDVI, observed and gridded climatic variables-precipitation, maximum and minimum tem-
perature, potential evapotranspiration and yearly 500 m MODIS Land cover datasets were analyzed to estimate trends, correlation and 
similarity in the North-West (NW) and South-West (SW) regions of Bangladesh. The notable contributions of this work are-  

• Assessing and illustrating the spatial and temporal variation of NDVI in dry season for NW and SW regions from 2000 to 2022. 

Fig. 1. Study Area (North-West and South-West hydrological region of Bangladesh). The 11 BMD stations situated in the regions are denoted in 
the figure. 
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• Establishing the spatial and temporal correlation between NDVI changes and climate variables (both observed and remote sensed) 
in NW and SW regions since 2000 to 2022.  

• Exhibiting the trends of annual land cover changes of the regions from 2001 to 2022 and evaluating the correlation of NDVI 
changes with land cover change patterns.  

• Demonstrating and discussing the interconnectedness of NDVI, climate and land cover changes in the historically hydro-critical NW 
and SW regions of Bangladesh. 

The findings of this research can hold significant implications for both policy making and further studies by elucidating the extent 
of effects of both climate variables and land cover changes on greenery and vegetation dynamics in drier hydrologically critical areas of 
Bangladesh. Policymakers can assess which variables to focus on more and develop targeted strategies for climate adaptation and 
sustainable land management using the quantitative results of the study. Moreover, this work can provide a foundation for future 
research into the complex interactions of climate-land-vegetation and shaping ecosystems and frameworks tailored to different regions 
in Bangladesh and beyond. 

2. Materials and methods 

2.1. Study area 

The study area for this study, shown in Fig. 1, consists of the North-West (NW) and South-West (SW) regions, two of eight hy-
drological regions of Bangladesh. They have 3 divisions- Rajshahi, Rangpur and Khulna and 26 administrative districts- Dinajpur, 
Kurigram, Gaibanda, Lalmonirhat, Nilphamari, Panchgarh, Rangour, Thakurgaon, Rajshahi, Nawabganj, Natore, Pabna, Sirajganj, 
Bogra, Jaipurhat, Naogaon, Bagerhat, Chuadanga, Jessore, Jhenaidah, Khulna, Kushtia, Magura, Meherpur, Narail and Sathkhira in 
the region. NW region lies in between 24o30′N and 26o 40′N latitudes and between 88o 01′E and 89o 90′E longitudes. And the SW lies 
between 21◦35′N and 24◦11′N latitudes and between 88◦33′E to 89◦57′E. There are 11 meteorological stations operated by Bangladesh 
Meteorological Department (BMD) in the regions. The locations of these BMD stations are denoted in Fig. 1, the study area map. 

2.2. Data collection and processing 

In this study, three types of data- Vegetation Index (NDVI) data, climatic data (Precipitation, temperature and potential- 
evapotranspiration data) and Land use data from 2000 to 2022, were utilized as shown in Table 1. The table shows the details of 
the spatial and temporal resolution of the data used along with the product name, dataset provider and the years they were extracted 
for. 

2.3. NDVI 

NDVI (Normalized Difference Vegetation Index) is a function of two bands and detects and quantifies the presence of live green 
vegetation using this reflected light in the visible and near-infrared bands (Garrigues et al., 2007). 

NDVI = (Infrared – Red)/(Infrared + Red) (Li et al., 2014). 
In this study, NDVI values were extracted for distinct points with various resolution as shapefiles, shown in Fig. 2. Fig. 2(a) shows 

NDVI extraction points based on each union of the study area for utilizing the values in spatial autocorrelation analysis whereas Fig. 2 
(b) and (c) show the extraction points for utilizing the values in correlation mapping. 

2.4. Methodology 

Five types of analysis were done in this study as shown in Fig. 3 For spatial correlation, two methods- Moran’s I Statistics and Getis 
Ord Gi* and for temporal analysis, Man-Kendall, Sen’s slope test and Innovative Trend Analysis were conducted. PET was calculated 
using Hargreaves Samani equation because of the lack of availability of observed continuous PET values. Calculated PET was put 
against observed PET to test its efficacy by finding out the RMSE, MAE and R-squared values for each BMD stations. Then, for 
multivariate analysis, correlation was done with NDVI and Climatic variables for BMD stations. Gridded climate precipitation and 

Table 1 
Data Types and Sources with their properties.  

Data Product Name Dataset Provider Spatial Resolution Temporal Resolution Date 

NDVI  
MOD13Q1 V6.1 

NASA LP DAAC 250 m 16-day 2000–2022 

Precipitation Total Precipitation BMD BMD stations Monthly 2000–2022 
Total Precipitation CHIRPS 0.05 ◦ X0.05 ◦ Monthly 2000–2022 

Temperature Max Temp, Min Temp (Observed) BMD BMD stations Monthly 2000–2022 
ECMWF ERA5 Copernicus C3S 0.1 ◦ X0.1 ◦ Monthly 2000–2022 

PET Total PET (Observed) BMD BMD station Monthly 2000–2022 
Land Cover MCD12Q1 V6 NASA LP DAAC 500 m Yearly 2001–2022  
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temperature data were used to correlate with NDVI through correlation mapping. Land use maps were generated to derive the areas of 
different types of land use and the values were correlated with yearly average NDVI values of the region with Pearson Correlation 
method. 

2.4.1. Spatial auto-correlation of NDVI values 
Spatial autocorrelation is used to assess the presence of systematic spatial variation in a mapped variable [99–101]. In this study, 

Moran’s I Statistics and Getis Ord Gi* were adopted for the purpose of visualizing the spatial distribution of NDVI values of dry season 
(November–February) in the region and the relationship of each NDVI pixels with its neighboring grids. For this analysis, NDVI of drier 
months were employed for dual reasonings and they are-  

1. The lack of constant availability of NDVI values during the monsoon season,  
2. The first limitation arises due to the annual monsoon flooding occurrences which impede the acquisition of correct NDVI values 

from the region. 

Moran’s I is one of the widely used global index of spatial autocorrelation to measure the similarity of values in neighboring places 
from a mean value [102]. A positive Moran’s I index value would indicate tendency toward spatial clustering, while a negative value 
would indicate tendency to disperse while a value close to 0 would represent complete spatial randomness. 

Moran’s I only measure the overall spatial autocorrelation as it does not distinguish between positive and negative spatial auto-
correlation or capture the spatial arrangement of neighboring values. Hence, Getis Ord Gi* were conducted in this study. 

Getis-Ord Gi* is a hot-spot analysis tool for spatial autocorrelation where the resultant z-scores and p-values determine if the spatial 
features are either clustered or not [103,104]. Here, positive Gi* statistics with high absolute values correspond to clusters with 
high-value events and negative Gi* statistics with high absolute values correspond to clusters with low-value events. 

2.4.2. Temporal correlation of NDVI values 
For examining the existence of increasing or decreasing patterns in the NDVI values of each district in the study regions, two 

methods were applied –  

1. Mann Kendall and Sen’s slope test and,  
2. Innovative Trend Analysis (ITA) 

The Mann-Kendall (MK) statistical test is a rank-based non-parametric test of detecting trends in various hydrometeorological times 
series [105]. Sen’s slope is the nonparametric estimate of the slope for the set of pairs (i, Xi) where Xi is a time series [106]. 

Fig. 2. NDVI value extraction points for various analysis. Fig. 2(a) shows NDVI extraction points for each union and Fig. 2(b) denotes NDVI 
extraction points with 0.05-degree resolution and Fig. 2(c) shows NDVI extraction points for 0.1-degree resolution. 
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If Mann-Kendall statistics is defined as S [107], 
then S is defined as follows: 

S=
∑n− 1

i=1

∑n

j=i+1
sgn

(
Xj − Xi

)

where the Xj are the sequential data values, n is the length of the time series, and 

sgn(θ )=

⎧
⎨

⎩

1 if θ > 0
0 if θ = 0
− 1 if θ < 0 

Mann and Kendall have documented that the statistic S is approximately normally distributed when n ≥ 8, with the mean and the 
variance of statistics S as follows: 

V(S)=
n(n-1)(2n + 5)-

∑n

i=1
tii(i − 1)(2i + 5)

18  

where, ti is the number of ties of extent i, n is the number of groups of tied ranks. The standardized test statistic Z is computed by, 

Z=

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

S − 1
√Var(S)

; S > 0

0 ; S = 0
S + 1

√Var(S)
; S < 0  

p=0.5 − (|Z|)

Fig. 3. Methodology of the study. This figure elaborates the data collection and pre-processing processes along with different analysis methods 
deployed in the study. 
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∅(|Z|) =
1

√2π

∫ |Z|

0
e−

t2
2 dt 

Z follows the standard normal distribution with E (Z) = 0 and V (Z) = 1, and the null hypothesis is rejected if the absolute value of Z 
is larger than the theoretical value Z1− α/2 (for two-tailed test) or Z1− α (for one-tailed test). 

Here, α = the statistical significance level. 
Moreover, Sen’s slope is defined as, 

Senʹslope=Medium
{

Xj − Xi

j − i
; i< j 

A (1–α) confidence interval for Sen’s slope can be calculated as (lower, upper) where 

N=C (n,2) k = se · zcrit  

lower=m(N–k)/2 upper = m{(N+k)/2}+1  

here, 
N = the number of pairs of time series elements (xi, xj) where i < j, se = the standard error for the Mann Kendall test, mh = the hth 

smallest in the set {Xj − Xi
j− i : i < j} and zcrit = the (1–α

2) critical value for the normal distribution. 
There are two hypothesis of Mann Kendall test and they are-the null hypothesis associated with higher p-values (p > 0.05) and low 

z-values; when there is no monotonic trend in the series and the alternate hypothesis associated with lower p-values (p < 0.05) and 
high z-values when there exists a trend. A positive value of Z indicates a positive trend and negative value of Z indicates a downward 
trend. 

Though Mann-Kendall has been proved to be strong trend detector in various studies, to assess whether non-monotonic trend exists 
in the NDVI patterns of the study regions and to free the trend results from Mann Kendall Test’s assumptions, Innovative Trend Analysis 
was also utilized in this study. 

The Innovative Trend Analysis (ITA) is a non-parametric method to detect monotonic, non-monotonic and sub-trends in time series 
datasets through graphical presentation [108]. In this method, first the time series is divided into two equal parts and sorted in 
ascending order. The first and second half of the time series are places on the X-axis and Y-axis of the graph respectively. Then, a 1:1 
ideal line (45◦ line) is drawn within the graph. If the data plotted are on the 1:1 line, there exists on trend in the concerned time series. 
If the data are located on the upper triangle of the ideal line, there exists an increasing trend. Similarly, data points on the lower 
triangular area suggests a decreasing trend [83]. 

2.4.3. PET calculation 
In regions where meteorological variables are scarce, the Hargreaves-Samani (HS) equation is used to calculate Potential 

Evapotranspiration (PET) [109] as it needs less climatic data as variables [110–112]. In this study, observed PET data from BMD were 
not continuous from 2000 to 2022 for all BMD stations, hence, Hargreaves-Samani equation were utilized to calculate PET. 

According to Hargreaves Samani PET equation, 

PET=0.0023Ra (Tmax − Tmin)
0.5

(Tmean +17.8)

where, PET (mm/day) = Potential evapotranspiration, Ra = Mean extra-terrestrial radiation in mm/day which is a function of latitude, 
Tmax = Maximum daily air temperature in OC, Tmin = Minimum daily air temperature in OC, Tmean = Average daily air Temperature in 
OC 

In this method, the extraterrestrial radiation (Ra) is estimated using the following equation, 

Ra =
24(60)

π Gsc dr [ωssin(∅ )sin(δ) + cos(∅ ) cos(δ) sin (ωs )

where, Ra is extraterrestrial radiation [MJ m2 day− 1], Gsc is the solar constant = 0.0820 MJ m2 min− 1, dr is the inverse relative distance 
Earth–Sun, ωs is the sunset hour angle [rad], φ is latitude [rad], and δ is solar declination [rad]. 

The inverse relative distance Earth–Sun, dr = 1+ 0.033 cos
(

2π
365 J

)

. 

and the solar declination, δ = 0.409 sin
(

2π
365 J − 1.39

)

. 

where, J is the number of the day in the year between 1 (01 January) and 365 or 366 (31 December). 
The sunset hour angle, ωs = arccos [ − tan(∅)tan(δ)]. 

2.4.4. RMSE, MAE, R-squared values to compare calculated and observed PET 
Calculated PET was assessed against available observed PET values using RMSE, MAE and R-squared values to check its efficacy as a 

replacement of the observed values in subsequent analysis. 
Root Mean Square Error (RMSE) is a performance indicator which measures the average difference between values predicted and 
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the actual values. Here, 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅∑N
n=1

(̂rn − rn)
2

N

√

[113] 

where r̂n means the observed data; rn means the climate model data, N is sample size. 
Mean Absolute Error (MAE) is a measurement of errors between two sets of datasets of the same variable [114]. The formula is as 

follows: 

MAE=

∑n
i=1|yi − xi |

n
=

∑n
i=1|ei|

n 

There is no agreement on a standard range of values for RMSE and MAE. The smaller the value of RMSE and MAE, the better the 
similarity of the calculated value with their observed counterparts [115]. 

R-Squared or R2 is a statistical measure that shows how linearly related two random valuables are [54]. The value ranges from 0 to 
1. The similar the calculated values are to the observed values, the closes its R2 will be to 1. A value less than 0.2 indicates no cor-
relation, between 0.2 and 0.4 denotes small correlation, 0.4 to 0.7 results in moderate correlation and greater than 0.7 translated to 
strong correlation. 

2.4.5. Multivariate correlation analysis 
The multivariate analysis finds patterns and correlates between several variables simultaneously. In this study, the monthly total 

precipitation, monthly average minimum temperature, monthly average maximum temperature, monthly potential evapotranspira-
tion from 2000 to 2022 were correlated as climatic variables against Monthly average NDVI values for the 11 BMD stations situated in 
the study regions. 

2.4.6. Correlation mapping of gridded climate data with NDVI 
Acquiring NDVI values corresponding to the CHIRPS and ECMWF ERA5 data for each month for the region ensured a nuanced 

dataset with each grid possessing an extensive repository of monthly precipitation and NDVI values, monthly mean temperature with 
NDVI values for 23-year period from 2000 to 2022. The correlation coefficient analyses were executed for each grid. Computed 
correlation coefficients were subsequently employed to generate the correlation maps where each grid of the map had one corre-
sponding value assigned for both NDVI-Precipitation and NDVI-temperature correlation maps. 

Fig. 4. Visualization of Land Cover Reclassification of a. North-West and b. South-West region. There were 13 initial land use types available in 
MCD12Q1 datasets for the study regions. They were classified into 6 land cover types - Forests, Grassland and Savannas, Waterbodies, Cropland and 
Vegetation, Urban and Built Up area and Barren Field for the North-West Region. For South-West region, Sundarbans is shown in a different land 
cover types because of their mangrove nature which is different than other forest areas in the region. 
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2.4.7. Land cover and NDVI trend analysis with Pearson Product Moment Correlation 
There were 17 different classifications in MCD12Q1 dataset for land use and out of them, 13 were available for the study regions. 

These were converted into 6 types of land use in North-West including Forests, Grassland and Savannas, Waterbodies, Cropland and 
Vegetation, Urban and Built-up area and Barren field and 7 types of land use in South-West. For South-West region, one additional land 

Fig. 5. Moran’s I Statistics Results of NDVI spatial autocorrelation for (a) North-West and (b) South-West Region. For both regions, the p-values are 
less than 0.05 and critical Z-values are greater than 2.58. This means the NDVI values are spatially clustered for the regions from 2000 to 2022. 
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use types, Sundarbans, Mangrove Forest was added. The reclassifications are shown in Fig. 4(a) for North-West region and Fig. 4(b) for 
South-West region respectively. 

Pearson Product Moment Correlation was used to assess the changes in different types of reclassified land use over the period of 22 
years and its correlation with the changes of NDVI values of the region. It is one of the most common ways of measuring linear 
correlations between two environmental, hydrological or land use/land cover variables [116,117]. Here, correlations were assessed 
based on the changes of Forests, Cropland and vegetation, Grassland, Barren Field areas with the monthly Average NDVI values 
changing for all three divisions in both NW and SW regions. 

3. Results 

3.1. Spatial and temporal variation of NDVI values 

3.1.1. Spatial distribution and clustering trend of NDVI values 
The results of Moran’s I statistics based on dry month (November–February) NDVI values in Fig. 5(a) for North-West region and 

Fig. 5(b) for South-West region, suggested that the p-values associated with the spatial correlation values are less than 0.05 for all 
considered years- 2000, 2005, 2010, 2015, 2020 and 2022 whereas the critical Z-value are greater than 2.58 for all instances. This 
determines the presence of spatial autocorrelation, thereby determining the patterns of NDVI values have been clustered in the study 
region over the years. For NW, the Moran’s Index values as well as Z-values are rising since 2000 which signifies that the spatial 
correlation is increasing over the last 23 years in NW. However, for SW, the values show a slight decrease in 2005 and 2010 from 2000, 
and a small increase in the next years implying the spatial correlation has largely been steady in SW. 

Getis Ord Gi* analyses were done and the results were denoted by IDW Method as shown in Fig. 6(a) for North-West and Fig. 6(b) 
for South-West regions. The result showed that the southern part of the NW region has had hotspot zones throughout the years meaning 
high NDVI value zones are adjacent to each other in this region. The eastern part of the NW region has been changing from a cold spot 
to a statistically insignificant neutral zone. For SW, the lower part of region has shown high clustered values. This is because of the 
Sundarbans, the mangrove forest that is situated in this part of the region. The dense forest attributed to the high clustering in that zone 
with higher NDVI values denoting it as a hotspot for Getis Ord Gi* analyses. The upper part of the SW region has been slowing down its 
cold spots changing into a more neutral zone over the 23-year study period indicating an increase of vegetation greenness in the region. 

3.1.2. Time series analysis of temporal changes in NDVI values 
Time series plotting for all 26 districts of the study region are given in Appendix A. The trends are upwards. Correspondingly, Mann 

Kendall test results derived from the time series values shown in Table 2 point out that the changes in the monthly NDVI values for 
2000 to 2022 were significant for all 26 districts as the p-values were less than 0.5 with z values being greater than 1.96. The positive 
Tau value of Mann Kendall test and upward value of Sen’s slope indicate that NDVI values were increasing for all the districts. 

The ITA results for the districts express similar results showing positive slope values as shown in Fig. 7(a–z). In these graphs, the 
upper triangle is the increasing trend region for NDVI values and the lower triangle is the decreasing trend region. The graphs illustrate 
that the datapoints for all 26 districts reside in the upper triangle. In light of this, the conclusion is reached that for all of the regions 
NDVI values are increasing for the 23-year period of 2000–2022. Accordingly, the plots show that the NDVI values are in monotonic 
increasing trends as data points do not cross the 1:1 no trend lines in any instances and never do in the decreasing trend region for any 
of the districts. Only the district of Panchagarh has some datapoints on the 1:1 no-trend line which is overshadowed by the large 
portion of the dataset being on the increasing side. This is similar with the results derived from Mann-Kendall and Sen’s slope test 
results for the same districts. 

3.2. Efficacy of calculated PET values in comparison with observed PET values 

RMSE, MAE and R2 values for comparing calculated PET with observed PET for all 11 BMD stations are shown in Fig. 8(a–k). The 
RMSE values are in the range of 0.50–0.75, MAE values are from 0.40 to 0.58 which means the error values in these two considerations 
are minimal. Additionally, R2 values are greater than 0.70 in all instances, suggesting strong similarity of the calculated PET with 
observed PET. Hence, the calculated PET values are similar to the observed values in terms of values and similar trends with minimal 
error values. 

Fig. 6. Inverted Distance Weighted Maps for Getis Ord Gi* Analysis of NDVI values for (a) North-West & (b) South-West regions. High cold-spots 
(Low NDVI clusters) are denoted with red and high hotspots (High NDVI clusters) are denoted with red and high hotspots (High NDVI clusters) are 
denoted with green in the maps. And moderate, low and neutral clustered zones are visualized by the color spectrum in between. 

Table 2 
Mann Kendall and Sen’s Slope Test Results for All 26 districts in North-West and South-West region.  

Mann Kendall Test Results Sen’s slope results 

p-value Hypothesis Significance Z value Tau value Trend Trend 
<0.05 Alternative Significant >1.96 Positive Increasing Upward  
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3.3. Multivariate correlation of NDVI with observed and calculated climatic variables 

The plotting for multivariate correlation matrices for the 11 BMD stations, as per Table 3, showed no climate variable being 
particularly dominant with NDVI changes in the region. The multivariate plot for Rajshahi BMD station is displayed in Fig. 9 with rest 
of the BMD stations displayed in Appendix B. Some of the stations showed slight to moderate correlation for the climate variables, but 
no correlation showed any definite pattern. In comparison to other climate variables, temperature has shown some amount of slight 
and moderate correlations for the BMD stations of the study region. 

3.4. Correlation of NDVI values with gridded precipitation and temperature data 

The temperature-NDVI correlation map showed varying degrees of correlation between the two variables as shown in Fig. 10, 
Where mostly slight correlation was pertinent between temperature and NDVI values for BMD stations, the correlation mapping from 
gridded datasets results showed stronger positive and negative correlation between temperature and NDVI values throughout the 
regions. 

The time series of monthly mean temperature in Fig. 11(a) and NDVI in Fig. 11(b) for the Sundarbans were analyzed. The trends 
showed that the NDVI values of the region kept increasing at a subtle rate, but the temperature trend showed virtually no change. So, 

Fig. 7. Innovative Trend Results for all 26 districts in the North-West and South-West of Bangladesh. For all the plots, datapoints reside in the 
increasing trend region (Displayed in the first graph for Dinajpur) signifying the increment of NDVI values in the study region. 
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Fig. 8. Comparison of Calculated and Observed PET values for the BMD Stations. RMSE and MAE values for all the stations are below 1, while R- 
squared values are greater than 0.7 for the same. The values suggest that the calculated PET are comparable to observed PET values for the stations. 

Table 3 
Multivariate correlation results of NDVI and climate variables for the BMD stations.  

BMD Stations Precipitation Max Temp Min Temp PET 

Bogra 0.19 0.33 0.29 0.15 
Dinajpur 0.14 0.43 0.38 0.23 
Ishurdi − 0.32 0.26 − 0.12 0.44 
Rajshahi 0.07 0.21 0.22 0.05 
Rangpur − 0.06 0.19 0.19 0 
Syedpur 0.08 0.39 0.33 0.19 
Chuadanga − 0.04 − 0.34 − 0.34 − 0.3 
Jessore − 0.01 0.23 0.18 0.08 
Khulna 0 0.14 0.25 − 0.11 
Mongla − 0.5 − 0.25 − 0.42 − 0.3 
Sathkhira − 0.04 − 0.07 − 0.02 − 0.2  
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the correlation between temperature and NDVI showed moderate negative correlation for the Sundarbans area. 

3.5. Correlation between land cover changes and NDVI patterns 

From the land use maps generated from 2001 to 2022, portrayed in Appendix C. Time series analyses were done for various land 
types- Forest, Grassland, Barren field and Cropland, along with yearly average NDVI values. Time series trends for South-West (Khulna 
Division) is shown in Fig. 12 and (a) for forest area, Fig. 12(b) for Grassland, Fig. 12(c) for Barren field, Fig. 12(d) for Grassland and 
Fig. 12(e) for yearly average NDVI of South-West region. Likewise, time series trends for North-West (Rajshahi and Rangpur Division) 
are portrayed in Appendix D. 

Time series plots showed that Grassland and barren field areas decreased with time for all divisions but cropland and vegetation 
areas increased for the study period. Additionally, for SW region, the forest area showed an increasing trend. At the same time, the 
yearly average NDVI values also increased for all three divisions of NW and SW regions. 

The trends for different land use types were then correlated with average yearly NDVI values through Pearson Product Moment 
Correlation as shown in Table 3. Both NW and SW regions had positive correlations of NDVI with cropland and vegetation area and 
negative correlation with Grassland and Barren area. Additionally, for SW, Forest also showed positive correlation against NDVI. These 
values showed that both NW and SW region have had significant land cover changing from land types with lower NDVI values to land 
types with higher NDVI values. 

Fig. 9. Multivariate correlation plot of NDVI, monthly total precipitation, monthly maximum and minimum temperature, monthly total PET for 
Rajshahi BMD Station. 
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4. Discussion 

The findings of Moran’I Statistics reveal a consistent pattern of dry month NDVI values clustering within specific regions over the 
23-year study period where it is seen that the clustering phenomena is increasing in the NW compared to SW of Bangladesh. This 
suggests that over an extended timeframe, the nature of vegetation dynamics within these areas are persistent and stable. However, 
Moran’s I could not show where the positive and negative values are clustered in the study area. Getis Ord Gi* alleviates this constraint, 
thereby demonstrating the high NDVI and low NDVI clustered zones. Both regions show that most of the areas are cold spots or neutral 
zones, thereby showcasing the dominance of low NDVI areas in the regions over the years. Nevertheless, the southern part of NW has 
seen an increase of high clustered zones from 2000 to 2020, with slight reduction in 2022. This shows that vegetation greenness and 

Fig. 10. Correlation Map of Monthly mean temperature and NDVI map for (a)North-West and (b)South-West regions. The correlation between 
temperature and NDVI ranges from strong negative correlation (denoted by red) to medium positive correlation (denoted by green). 

Fig. 11. Time series for (a)Mean Temperature and (b)NDVI values for the Sundarbans. The trend in mean temperature shows no virtual upwardness 
whereas the NDVI trend shows that the values are going upwards throughout the years. 
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areas are more persistent in southern NW, under Rajshahi division. Moreover, the results interpret that the high cold spots are changing 
towards neutral zones towards the eastern part of NW in Rangpur division, which suggest that vegetation greenness in terms of area is 
increasing over the years. This indicates small expansion of crop and vegetation area in NW over the last 23 years. In SW, the findings 
persist unchanged scenarios of cold spots for most areas with high-NDVI value zones in the Sundarbans area, which has been densely 
forested because of the existence of the Mangrove forest. Hence, spatially NW and SW, being drier regions of Bangladesh, did not have 
overwhelming expansion of high NDVI zones in the mentioned time frame. Nonetheless, the changes made in NW are noteworthy 
because the identified areas are closer to two big rivers-the Jamuna and the Padma, suggesting the existence of water sources nearby 
has the potential to transform the drier regions in a greener state, even in the dry season. Moreover, the Mann Kendall test indicates a 
statistically significant upward trend in NDVI values which is further corroborated by Sen’s slope values. However, to mitigate any 
inherent assumptions made in the Mann-Kendall test and to ascertain whether the trends are monotonic or not, Innovative Trend 
Analysis (ITA) was undertaken. This affirmed that the observed trends are indeed monotonous and so validating the findings from the 
Mann-Kendall test as Mann-Kendall test is effective in detecting monotonic trend. On top of that, the ITA based plots reinforce the 
previously obtained results of NDVI values exhibiting consistent upward trend across all 26 districts spanning from 2000 to 2022. 
Comparing the temporal trend results with spatial correlation results, it can be derived that although the changes in NDVI values in the 
region are not yet sufficient to alter the spatial distribution of NDVI clustering zones prominently, the NDVI values are still increasing 
all over the region with time. 

Furthermore, the study show no particular relationship pattern emerges between NDVI and climate variables for the 11 BMD 
stations over the study period of 23 years through Multivariate correlation. However, only assessing 11 BMD station for two hydro-
logical and dynamic regions are insufficient to conclude with this assessment. Correlation Mapping with more defined resolution could 
mitigate this limitation and so correlation mapping of NDVI-Precipitation and NDVI-temperature was conducted. The NDVI- 
precipitation map for the entire region showed virtually no significant correlations between the two variables for the study region 
even at 0.05 ◦ grid. It corresponds to the multivariate correlation results where observed precipitation did not show strong correlation 
with NDVI values for the BMD stations. On the Contrary, temperature-NDVI maps showed significant improvement in results denoting 
that the average temperature and the increasing NDVI values are correlated with each other throughout the region when considering 
these two variables for 23 years. There have been distinct differences between the correlation results between NW and SW region. NW 
has shown significantly more positive correlation with only a few grids showing no correlation or slight negative correlation. This 
means at 0.1 ◦, temperature has had higher impact on the NDVI values for the NW region. On the other hand, SW has shown both 
positive and negative correlations. The North-eastern part of the SW region has shown the most areas with positive correlation; this 
means temperature is significant for NDVI value fluctuations for the North-eastern part of SW region. From going north to south in SW, 
the correlation values shifted towards more neutral and negative correlation values with distinct negative correlation towards the 
southern part of Khulna division. This area encompasses the Sundarbans, the mangrove forest. Hence, this alerted the need for further 
assessment for this particular region. Upon inspecting further, it was evident that the temperature in the Sundarbans region are stable 
over the concerned years with an increment in NDVI values which prompts of the results of negative correlation values in the particular 
region. This finding is intriguing because it shows the temperature trends in the Sundarbans are different than the other parts of NW 
and SW, which are historically drier hydrological regions, especially when this is the only densely forest zone in the study area. 

This prompted the need of subsequent inquiry about the contribution of land cover types in NDVI. Pearson product moment 
correlation analysis for the significant land cover types were then deployed for this purpose. The finding revealed that the types of land 

Fig. 12. Trends of a) Forest area increasing, b) Grassland area decreasing, c) Barren Field decreasing, d) Cropland area increasing, e) Yearly average 
NDVI increasing from 2001 to 2020 for Khulna (SW). 
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cover and their changing patterns have apparent strong influence on the vegetation greenness in all parts of the regions. The changing 
patterns of land cover types from 2001 to 2022 posits that the expansion of agricultural activities and vegetation production which 
triggered the land cover to transmute from barren field and grassland into cropland is a prominent contributor in augmenting the 
verdancy in NW and SW of Bangladesh. The drastic changes in correlation results observed from altering the spatial resolution of 
climatic variables from only 11 BMD stations to taking data points by each 0.1◦X0.1◦ resolution makes the spatial resolution of the 
datasets used in the research a critical aspect to address. It shows that the ability to detect and analyze spatial patterns and changes is 
directly dependent on the spatial scale used. Datasets with coarser spatial resolution used in the study such as MODIS NDVI 
(MOD13Q1) and land cover (MCD12Q1) could pose a possibility of missing or masking more nuanced or localized changes. However, 
for analyzing regional climatic trends and land cover changes, datasets used in coarser spatial resolution can still prove to be as much 
valuable if the area tends to be more of surrounded with homogeneous landscapes which is for the cases of NW and SW of Bangladesh. 
Furthermore, spatial and temporal high-resolution data like ESRI Sentinel Land cover datasets could have proven to be more valuable 
incorporating the localized changes. But they have only been made available from 2017 which limits its usage in long time analyses 
like this study. On top of that, the higher spatial resolution of the datasets, if used, would have needed greater computational resources 
and processing time limiting the extent and depth of the analyses and introducing more data biases. 

The findings of the study suggest the contention that the vegetation density, greenness and spatial extension of vegetation are 
closely linked with alterations in land cover, driven by anthropogenic activities like crop production or farming rather than being 
exclusively dictated by the changes in climatic variables for the NW and SW regions of Bangladesh. These results can be counter- 
intuitive and so they can provide the basis of exploring the natural and man-made factors for increasing vegetation in previously 
less vegetative regions. This is particularly important for agricultural dependent regions like Bangladesh because the expansion of 
vegetation greenness through various agricultural activities and food production methods prerequires the appropriate changes of 
climate patterns and land cover changes favorable to the condition. Hence, similar studies incorporating more climatic variables 
covering different hydrological regions of Bangladesh can help make a comprehensive picture of vegetation health and greenery in 
Bangladesh considering different geological and hydrological factors. 

5. Conclusion 

The study primarily focused on exploring the spatial and temporal distribution and trends of NDVI values and their correlation with 
climatic parameters alongside the dynamics of land cover changes in the North-West (NW) and South-West (SW) regions of Bangladesh 
spanning over 23 years, from 2000 to 2022. The analyses indicated that the historical drought prone zones of Bangladesh, NW and SW, 
have been shifting towards having increased NDVI values spatially and temporally in the drier months of the years, Novem-
ber–February. For the 11 meteorological stations present in the regions, climate variables such as precipitation, maximum and 
minimum temperature and PET did not show any dominate or significant correlation pattern with the overall increasing NDVI values. 
When the correlation analysis with gridded precipitation and temperature variables were carried out, correlation mappings showed 
that temperature trends have significant correlation with increasing vegetation indices values when the analysis was done in finer 
resolution of 0.1 ◦ resolution, but precipitation showed almost no correlation even at a finer resolution of 0.05 ◦. Lastly, changes in all 
significant land cover types present in the regions showed moderate to strong correlation with NDVI values increasing. The land covers 
changing patterns for both regions showed expansion in cropland and vegetation areas along with contraction of barren field and 
grassland over the study period. Hence, the investigations showed that land cover changing to crop areas or agricultural fields from 
grassland, barren fields and fallow lands have been the more dominant fact for the increment of NDVI values in the regions comparing 
with climatic variable trends. 

6. Data availability statement 

The data used in the study were collected from multiple sources. They are mentioned below:  

• The NDVI data are available in a dataset from Google Earth Engine Data Catalog named MOD13Q1.061 Terra Vegetation Indices 
16-Day Global 250 m (https://developers.google.com/earth-engine/datasets/catalog/MODIS_061_MOD13Q1).  

• The observed climatic data used for the BMD stations are available in a Bangladesh Agricultural Research Council Website named 
Climate Information Management System (Precipitation data is available at http://barcapps.gov.bd/climate/rainfall, Temperature 
data is available at http://barcapps.gov.bd/climate/temp, PET data is available at http://barcapps.gov.bd/climate/pet).  

• climatic datasets- CHIRPS for Precipitation are available, in the website of Climate Hazards Center, UC Santa Barbara, here- 
https://data.chc.ucsb.edu/products/CHIRPS-2.0/and ECMWF ERA5 for Temperature are available in Copernicus Climate Change 
Service website (ERA5-Land monthly averaged data from 1950 to present- https://cds.climate.copernicus.eu/cdsapp#!/dataset/ 
reanalysis-era5-land-monthly-means?tab=form).  

• The Land Cover dataset is available at Google Earth Engine Data Catalog named MCD12Q1.061 MODIS Land Cover Type Yearly 
Global 500 m, available at https://developers.google.com/earth-engine/datasets/catalog/MODIS_061_MCD12Q1. 
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Appendix A 

8.1 Appendix A  

Fig. A. Times Series of NDVI values for all the districts of North-West and South-West Regions. The trends show that the values are increasing over 
the years. 
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Fig. A. (continued). 
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Fig. A. (continued). 
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Fig. A. (continued).  
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8.2 Appendix B      

Fig. B. Multivariate Correlation Plot of (a) Bogra,(b) Dinajpur,(c) Ishurdi,(d) Rangpur,(e) Syedpur,(f) Chuadanga,(g) Jessore,(h) Khulna,(i) Mongla, 
and (j) Sathkhira BMD Stations 
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Fig. B. (continued). 
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Fig. B. (continued).  
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8.3 Appendix C 

Fig. C.1. Land Cover Maps for North-West region from 2001 to 2022.  
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Fig. C.2. Land Cover maps for South-West region from 2001 to 2022.  

J. Akhter and R. Afroz                                                                                                                                                                                               



Heliyon 10 (2024) e32625

27

8.4 Appendix D 

Fig. D.1. Trends of a) Grassland area decreasing, b) Barren Field decreasing, c) Cropland area increasing, d) Yearly average NDVI increasing from 
2001 to 2020 for Rajshahi in North-West.  

Fig. D.2. Trends of a) Grassland area decreasing, b) Barren Field decreasing, c) Cropland area increasing, d) Yearly average NDVI increasing from 
2001 to 2020 for Rangpur in North-West. 
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