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Abstract: The occurrence and severity of agricultural droughts may not be dependent upon climatic 26 
variables alone, but drought is increasingly affected by human interventions. This has introduced 27 
uncertainty in the assessment of current drought and future drought risk in many parts of the world, 28 
as neither climatic, nor remote sensing data alone, are able to assess drought conditions effectively.  29 
. As a result,  We present a simple systematic approach by combining a remote sensing based 30 
drought index, the Temperature Vegetation Dryness Index (TVDI), climate data (i.e., rainfall and 31 
temperature) and field observations to evaluate recent drought conditions in Bangladesh. The 32 
results indicated three important insights: i) the TVDI is a good indicator of drought, based on field 33 
validation of the TVDIindex , ii) the integrated use of TVDI and climate data (i.e., rainfall and 34 
temperature) provide the best understanding of the difference between meteorological drought and 35 
droughts resulting from surface moisture conditions, and iii) the TVDI can be used along with 36 
climate data to predict the potential risk of drought. The resulting implication for management of 37 
drought in Bangladesh is that meteorological drought exists in Bangladesh, but, does not  trigger 38 
agricultural drought over most regions due to widespread irrigation practices. However, the results 39 
also imply that any disruption of irrigation water supply could trigger severe agricultural drought 40 
over the whole region, similar to what is currently observed over a small part of the study area. 41 
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 43 

1. Introduction 44 

Drought is recognized as a complex natural disaster that has severe effects on wildlife, agriculture, 45 
and the economy [1-3]. The number of people affected by drought is greater than from any other 46 
natural disasters [2,4]. In recent years, the frequency and severity of droughts are increasing due to 47 
several factors including global warming and climate change. There have been many large scale 48 
droughts affecting sizable areas of Europe, Africa, Asia, Australia, South America, Central America, 49 
and North America [5-7] that can be linked to significant economic losses, food shortages and in some 50 
cases, starvation for millions of people.  51 
 52 
Indeed, agriculture is always the first sector to be affected by the onset of drought [8-11]. The adverse 53 
effects of drought are normally increased if drought occurs in an agrarian and densely populated 54 
region, such as South Asia, where millions of people are directly or indirectly dependent on diverse 55 
agricultural activities [12]. However, the scenario of drought in some parts of South Asia such as in 56 
Bangladesh has been completely altered by intensive irrigation, using easily available but slowly 57 
declining underground water for the cultivation of high yield variety (HYV) boro rice. 58 
 59 
This massive irrigation practice during the hot pre-monsoon season has created several complex 60 
drought scenarios during this period: i) meteorological drought, which exists mainly due to high 61 
temperature and low rainfall, ii) agricultural drought, which may or may not occur depending on 62 
irrigation, and iii) a future threat to irrigation practices due to regular depletion of underground 63 
water. This situation urgently requires detailed investigation of recent drought scenarios to minimize 64 
the potential risk of agricultural drought, and its consequences for food security. However, a clear 65 
quantification of drought is not easy to accomplish in a complex environmental setting which has 66 
evolved over few decades by massive integration of climate variables (temperature and rainfall) and 67 
human activities (i.e., irrigation and groundwater extraction) [13-14]. 68 
 69 
Significant efforts have been made during the last few decades to develop drought indices. Indeed, 70 
hundreds of drought indices, broadly based on meteorological and satellite data, have been 71 
developed [15,16]. The use of meteorological data-based drought indices, such as the Standardized 72 
Precipitation Index (SPI; [17] and the Palmer Drought Severity Index (PDSI [18]) are common in the 73 
literature [15]. Similarly, the use of satellite-derived drought indices such as the Vegetation Condition 74 
Index (VCI) [20], the Temperature Condition Index (TCI) [20], the Vegetation Health Index (VHI) [20] 75 
and the Temperature-Vegetation Dryness Index (TVDI) [21] for the detection of drought have been 76 
well documented [21-23]. 77 
 78 
Despite the apparent successful use of drought indices, there are reports that both groups of indices 79 
ie. those based on meteorological data alone, and those based on remote sensing data alone, have 80 
limitations for the characterization of drought [15]. This is especially true when anthropogenic 81 
activity modifies the surface conditions. Thus in such a complex environmental setting, both types of 82 
drought indices are limited by: i) meteorological data-based indices are unable to address the surface 83 
moisture contributed by anthropogenic activities, and ii) satellite-based drought indices are largely 84 
able to address the surface moisture conditions, but unable to recognize the potential of climatological 85 
drought, which is vital for understanding future drought risk. 86 
 87 
Consequently, numerous studies have attempted to: i) develop new models [24-27], ii) use multiple 88 
indices and ancillary data [28-30], iii) combine meteorological indices and remote sensing indices [31], 89 
and iv) use multi-sensor data [32-34] in an endeavor to quantify the irregularities in reporting of 90 
drought intensity and spatial-temporal extent.,  However none of these studies has been able to both 91 
detect drought, as well as foresee future drought, which requires distinguishing between moisture 92 
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sources, ie. rainfall or anthropogenic sources. For example, the SPI is based on meteorological data, 93 
comparing rainfall at a given location, with historic rainfall records. The TDVI combines optical and 94 
thermal wavebands of satellite images to estimate the degree of moisture stress in vegetation 95 
canopies. However, the drought stress detected by either index cannot inform the cause of the 96 
drought and thus the risk of future drought.  Therefore, it is difficult to find a universal solution that 97 
can be used in all situations to confidently detect drought. 98 
 99 
Therefore, this study develops a simple and systematic approach to quantify recent drought scenarios 100 
and their spatial-temporal variation in Bangladesh, by the integrated use of remote sensing based 101 
drought indices, climate data (i.e., rainfall and temperature) and field observations. It considers 102 
several important requirements: i) the need for an effective drought assessment technique for 103 
complex drought settings, where drought detection is difficult using either remote sensing or climate 104 
data-based drought indices alone, ii) the importance of future agricultural drought risk assessment 105 
for this densely populated region, in order to ensure food security, and iii) to explore the possibility 106 
of relating satellite driven drought measurement with climate variables and field investigations.  107 
 108 

2. Study area and selection of data and drought index 109 

2.1 Study area 110 

The study area of this research was Bangladesh, since this country is one of the drought prone 111 
countries in the world [35] and massive irrigation practices have completely altered the pre-monsoon 112 
drought situation in this country. However, the main focus was on the north-western region of 113 
Bangladesh (NWB) (Figure 1), as this is the most drought-affected part of the country. With higher 114 
rainfall variability and drier climate [36], it is consequently more vulnerable to drought [37, 38]. 115 

 116 
Geomorphologically, this area is divided into four major physiographic units: i) Barind Tract 117 

(high Barind Tract (HBT), level Barind Tract, North-Eastern Barind Tract), ii) Himalayan piedmont 118 
plains, iii) alluvial floodplains (Karatoya-Bangali floodplain, Tista Meander floodplain, low Ganges 119 
River floodplain (GRFP), high GRFP, lower Punarbhaba floodplain, and lower Atrai basin), and iv) 120 
active river floodplains (Brahmaputra-Jamuna floodplain, Ganges floodplain, and Tista floodplain) 121 
[39]. These major and minor physiographic divisions fundamentally determine the intensity of 122 
drought, as well as cropping patterns, and the ability to cultivate irrigated HYV boro rice, in this 123 
region. 124 

 125 
Temperatures in the region range from 25°C to 40°C in the hottest season, and from 8°C to 25°C 126 

in the coolest season. Almost all rainfall occurs during May to October, with less than 6% occurring 127 
during the dry season (January to April) [40]. Cultivation takes place all year round across most areas 128 
of Bangladesh, with double/triple cropping necessary to support the farming economy. Rice is the 129 
main crop, with the HYV boro rice being cultivated during the dry season, and representing almost 130 
88% of total cultivated crop lands in this season [41, 42]. Due to the lack of any alternative source of 131 
water for boro rice, groundwater is the only major source of irrigation water in this region [40]. 132 

 133 
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 134 

Figure 1: Study area with several major and minor physiographic units. 135 

2.2 Selection of data 136 

Cultivation in Bangladesh takes place at all times of year, but the dry season is very important 137 
for rice cultivation. Therefore, this study investigated agricultural drought conditions during the pre-138 
monsoon season (January, February, March, and April) from 2001 to 2014, in terms of moisture 139 
availability. Since the satellite-based TVDI was used for this study, the main data required were: i) 140 
Normalized Difference Vegetation Index (NDVI) [ref], and ii) Land Surface Temperature (LST). 141 
Considering suitable spatial and temporal resolution, this study used data from the Moderate 142 
Resolution Imaging Spectroradiometer (MODIS) sensor. Two MODIS products, namely monthly-143 
NDVI (MOD13A3, collection 6) and daily-LST (MOD11A1, collection 6) with spatial resolutions of 1 144 
km, were used. 145 

  146 
In addition to satellite data, climate data (i.e. temperature and rainfall) and field observations 147 

were used to support and explain the results. Long-term rainfall and temperature data from five 148 
available meteorological stations (Figure 1) were collected through personal contact with Bangladesh 149 
Meteorological Department (BMD). Field observations, covering a wide range of physiographic and 150 
moisture conditions, were collected from the 2nd week of March to 2nd week of April. 151 

2.3 Selection of drought index 152 

A number of satellite-based drought indices have been developed which commonly combine 153 
the NDVI and LST [20,43,44]. However there are numerous limitations for these two indices, 154 
including i) the time lag between the occurrence of a drought and changes in the NDVI, limits the 155 
applicability of NDVI-based methods for real time monitoring of drought [45], and ii) when the 156 
ground is not completely covered by vegetation, the higher soil background temperature severely 157 
affects the estimation if only temperature is considered [46]. Therefore, the relationship between LST 158 
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and NDVI has been investigated by several authors, and the LST-NDVI spectral space has come into 159 
widespread use for soil moisture/vegetation related applications [45, 47,48]. 160 

  161 
Based on the LST-NDVI triangle space two drought indices have been developed: the vegetation 162 

temperature condition index (VTCI) [49] and the temperature-vegetation dryness index (TVDI) [21]. 163 
A number of studies have successfully employed TVDI for monitoring vegetation stress, surface 164 
moisture conditions, and drought [30, 50, 51]. In this study, the TVDI [21] was selected for the 165 
investigation of drought as it is computationally simple and able to effectively combine LST and 166 
NDVI for determining drought in different geographical regions [22, 52]. 167 

 168 

3.0 Method 169 
Satellite data were processed to produce the TVDI [21] which was selected for the reasons given 170 

in section 2.3. However, the data processing method of this study comprises three-steps: i) pre-171 
processing, ii) calculation of TVDI, and iii) integration of TVDI results with climate variables (i.e., 172 
temperature and rainfall). These are described in sections 3.1, 3.2, and 3.3 respectively. 173 

3.1  Pre-processing 174 

All of the downloaded NDVI and LST images were pre-processed as follows: i) the necessary 175 
data (i.e., NDVI, LST, and quality assessment files) were extracted and re-projected using MODIS 176 
Conversion Toolkit, using the Universal Transverse Mercator (UTM) projection and WGS 84 datum, 177 
ii) complete coverage of the study area was obtained by mosaicing two tiles, followed by sub-setting 178 
to include the study area only, iii) an averaging process was carried out to obtain monthly LST from 179 
the daily LST product, and iv) LST values were converted from Kelvin to Celsius. 180 

3.2 Calculation of TVDI 181 

A conceptual NDVI–LST space, with LST plotted as a function of NDVI, is presented in Figure 182 
2. Based on the NDVI–LST space empirical relation, a simplified water stress/dryness index (TVDI) 183 
was suggested by [21]. In this approach, the “wet edge” is modelled as a horizontal line (i.e., parallel 184 
to the NDVI axis) as opposed to a sloping wet edge in the trapezoid approach, and the “dry edge” is 185 
modelled as a linear fit to NDVI [50, 52]. According to [21] TVDI can be defined simply as: 186 

 187 

𝑇𝑉𝐷𝐼 =
𝐿𝑆𝑇−𝐿𝑆𝑇𝑚𝑖𝑛

𝑎+𝑏 (𝑁𝐷𝑉𝐼)− 𝐿𝑆𝑇𝑚𝑖𝑛 
         (Eq. 1) 188 

 189 
In Eq. 1, LST is the observed surface temperature at the given pixel, NDVI is the observed NDVI, 190 

and a and b are the intercept and slope, respectively, of the dry edge calculated from NDVI-LST space 191 
regression with small intervals of NDVI (LSTmax = a+bNDVI). LSTmax is the maximum surface 192 
temperature observation for the given NDVI. LSTmin is the minimum surface temperature in the 193 
triangle, defining the wet edge. In Eq. 1, both NDVI and LST were derived from MODIS products 194 
and both the slope and intercept were calculated considering the NDVI and LST over a large and 195 
heterogeneous area to ensure the reliability of the estimation, as suggested by [21].  196 

The results of TVDI and its spatial and temporal variation are presented in two ways: i) by 197 
simple stretching of TVDI between 0 and 1 and ii) by classifying TVDI into five equal interval 198 
categories [22], (Figure 3b). The five TVDI categories are: wet (0–0.2), normal (0.2–0.4), slight drought 199 
(0.4–0.6), moderate drought (0.6–0.7), and severe drought (0.7–1). The boundaries of the last two 200 
classes of TVDI  (0.6-0.7 for moderate, and 0.7-1.0 for severe drought) were adjusted to accommodate 201 
natural breaks in the TVDI range, and take into account the effect of massive irrigation practices. 202 

 203 
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 204 

Figure 2: Simplified normalized difference vegetation index–land surface temperature (NDVI–LST) space 205 
[21]. A represents maximum dryness, B represents maximum wetness, C represents maximum transpiration. 206 
The TDVI for a pixel (NDVI/TS) can be estimated as the position between lines A and B.  207 

3.3 Integration of TVDI results with climate variables 208 

Integration of the TVDI results with the climate variables temperature and rainfall was 209 
performed as follows. First, the study area was divided into two groups based on the classified TVDI 210 
values i.e., i) TVDI < 0.07, and ii) TVDI > 0.70. Secondly, the percentage area in each group was 211 
calculated for all four months (i.e., January, February, March and April) over the whole period. 212 
Finally, besides graphical presentation, a statistical relationship was determined by estimating the 213 
correlation coefficient (r) between the area of each TVDI group and the climate variables for each 214 
month and subsequently for each year over the period.  215 

 216 
Results are presented in three groups: i) assessment of drought using TVDI, ii) integration of 217 

TVDI results with climate variables, and iii) comparison of TVDI results with field observations. The 218 
TVDI was calculated for January, February, March, and April from 2001 to 2014 for several reasons 219 
i) January is the coldest and driest month while April is the hottest , ii) rainfall is very low and 220 
temperatures rise quickly in later part of this period, iii) soil moisture deficit is ubiquitous , iv) many 221 
severe drought events have occurred during the latter part of this period, and v) HYV boro rice, 222 
which is essential to the economy, and which requires a plentiful moisture supply, is cultivated 223 
during these months.  224 

 225 

4. Results 226 

4.1  Assessment of drought using TVDI 227 

 228 
It is obvious from Figure 3a and 3b that TVDI varies spatially and temporally within the 4-month 229 

period (i.e., 4 months within a single year) as well as for each month among different years. In a single 230 
period/year (e.g., January–April, 2001) a very low to moderate drought condition (TVDI < 0.70) was 231 
observed almost throughout the study area in the months of January and February. Moreover, a 232 
similar drought situation (TVDI < 0.7) was observed in the months of March and April, but with 233 
higher TVDI areas (TVDI > 0.7, which indicates severe drought problems) were observed, mostly in 234 
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the HBT as well as along the GRFP, both in the south of the study area (Figure 1). The variation of 235 
TVDI over the January to April period of all other years is notably similar, where TVDI is mostly low 236 
in January and increases gradually, becoming highest in the hottest months of March and April, and 237 
indicating severe drought over a small part of the study area, north-western Bangladesh (NWB). 238 

 239 
The inter-annual variation of TVDI for the single month of January (e.g., January 2001 to January 240 

2014) (Column 1 of Figure 3a & 3b), indicated no major change in spatial distribution of TVDI over 241 
the 14-year period. The most important feature of the TVDI in the month of January is that it remained 242 
low over the 14-year period and no severe drought-prone areas were observed, except in 2002, when 243 
a few areas were found to be suffering severe drought (TVDI > 0.7). A stable pattern of inter-annual 244 
variation of TVDI was also observed for the month of February (Column 2 of Figure 3a & 3b), 245 
although more areas with higher TVDI were noticed compared to January. Similar to January and 246 
February, the inter-annual spatial variation of TVDI in March and April during this 14-year period 247 
was not also noteworthy. Generally, high TVDI representing severe drought was observed in April, 248 
over approximately 15 % of NWB, notably in the southern part s, throughout the 14-year period, 249 
although TVDI for most of NWB was still < 0.70 i.e., not severe (Columns 3 and 4 of Figure 3a & 3b). 250 

 251 

 252 
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    253 

Figure 3a: Spatial and temporal variation of TVDI (stretching display). 254 

255 

 256 

Figure 3b: Spatial and temporal variation of TVDI (classified display). 257 
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Figure 3a: (Continued). 259 

260 

Figure 3b: (Continued). 261 

262 
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Figure 3a: (Continued). 264 

 265 

Figure 3b: (Continued). 266 
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The simple finding from the above results is that NWB did not suffer much from severe drought 267 
during the four selected months over the 14-year period. Very few severely drought-prone areas 268 
(TVDI>0.7) were detected in January and February over the period, therefore, these two months can 269 
be considered as less susceptible to drought hazard. Considering the large areas with slight to 270 
moderate drought (TVDI > 0.40 to <0.70), March and April can also be considered primarily free from 271 
drought risk as well. However, small parts of NWB (mostly in the south and south-western part) 272 
were affected by severe drought (TVDI > 0.70) throughout the 14-year period, indicating that these 273 
two months are not completely free from drought risk. 274 

 275 
The outcomes obtained using TVDI are not in agreement with the findings of several previous 276 

drought studies based on meteorological data [53, 54]. These studies indicate the north-western part 277 
of Bangladesh as the most drought-prone area in the country, and also that droughts during the pre-278 
monsoon summer (March–April) are severe due to high temperature and low rainfall. Therefore, in 279 
this study, an effort has been made to integrate the TVDI results with climate data (i.e., temperature 280 
and rainfall) in order to understand the anomalies between this and previous studies [53, 54], as well 281 
as to put in context of climate data, the TVDI outcomes observed.  282 

 283 

4.2  TVDI results with temperature and rainfall 284 

To find a causal relationship between TVDI and climate data (i.e., temperature and rainfall), we 285 
have categorized the TVDI results into two groups: i) TVDI < 0.07 (very low to moderate drought 286 
conditions (hereafter lowTVDI), and ii) TVDI > 0.70 (severe drought conditions (hereafter highTVDI).  287 

4.2.1 Integration of lowTVDI area with temperature and rainfall  288 

Figure 4 shows temperature and rainfall in the areas of lowTVDI (TVDI<0.7 representing low to 289 
moderate drought) in all years. In these areas temperatures increase rapidly from January to February 290 
and February to March, and at a slower pace from March until the peak in April (Figure 4a). This 291 
pattern of temperature increase is consistent over the 14-year period with slight anomalies in a few 292 
years such as 2001, 2002, 2011, and 2012 (Figure 4a). Similar to temperature, rainfall also increases 293 
from January and reaches its peak in April, although variation in rainfall from year to year is evident 294 
(Figure 4a). The lowTVDI areas appear greatest in January (99.99% in 2005) and gradually decrease 295 
during the season. The least area of lowTVDI occurs in April (79.50% in 2001), although some 296 
variation in this trend is noticeable, especially for April of 2002, 2003, 2006, and 2011 (Figure 4a). 297 

 298 a 



Remote Sens. 2020, 12, x FOR PEER REVIEW 12 of 23 

 

 299 

Figure 4: Relationship between lowTVDI and temperature and rainfall. 300 

In general, strong negative correlation was observed between the area of lowTVDI and 301 
temperature, as well as between lowTVDI and rainfall, except in the years 2002 and 2006 (Figure 4b). 302 
The negative correlation is expected, as high temperature increases evaporation, resulting in soil 303 
moisture deficit. Notably, in spite of the strong negative relationship between temperature and TVDI, 304 
approximately 80% of the study area is still unaffected by drought (indicated by lowTVDI), even in 305 
March and April when average temperature is above 320C (Figure 4a). This situation contradicts 306 
expected scenarios, and suggests three possibilities: i) soil moisture is available from adequate rainfall 307 
or stored soil moisture from previous months, ii) there is an additional supply of water apart from 308 
rainfall, and iii) TVDI results are not representative of climate data. 309 

  310 
Indeed, we obtained a negative correlation between lowTVDI area and rainfall (Figure 4b), and 311 

it is obvious that rainfall has very little or no impact on this lowTVDI area since the rainfall is very 312 
low over the whole period (Figure 4a). Certainly, the availability of soil moisture (lowTVDI) over 313 
most of the area during this period conflicts with the observable little rainfall (Figure 4a). Moreover, 314 
the possibility of moisture supply from the previous few months is also unlikely, since average 315 
rainfall in January and February, as well as November and December, is only around 10 mm/month. 316 

  317 
Since, neither there is no adequate rainfall nor no storage soil moisture, the assumption of 318 

additional supply of water apart from rainfall is also explored. Previous studies [41, 42]  demonstrate 319 
that HYV boro rice is cultivated over more than 88% of available agricultural land in this region. Boro 320 
rice requires irrigation of an average of 8.8 mm/day [40], though rainfall is much less than this 321 
throughout this season. Therefore, intensive groundwater-based irrigation system has been adopted 322 
to meet water requirements for HYV boro cultivation [40]. A report by [55] indicated that the 323 
contribution of groundwater to HYV boro rice cultivation increased from 41% in 1982/83 to 85% in 324 
2009/2010. 325 

 326 
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4.2.2 Integration of the highTVDI area with temperature and 327 
rainfall 328 

It is worthwhile to note that highTVDI areas were 329 
consistently observed over only a minor portion of NWB in the 330 
south and southwest (Figure 3a, 3b and 5). These sites belong to 331 
High Barind Tract and High Ganges River Floodplain (Figure 1) 332 
where irrigation facilities are mostly unavailable. 333 

  334 
It is obvious that highTVDI areas are negligible or absent in 335 

January and increase gradually, reaching the highest percentage 336 
(maximum of 20%) in April (Figure 6a). The increase in highTVDI 337 
area with respect to time (month) is positively correlated with 338 
both temperature and rainfall (Figure 6b). The positive 339 
agreement between highTVDI area and temperature is expected, 340 
but that with rainfall is not.  341 

Figure 6: Relationship between highTVDI and temperature and rainfall. 342 
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Figure 5: Example of location of 
highTVDI areas 
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 347 

 348 

The positive agreement between highTVDI and rainfall (Figure 6b) in such may have occurred 349 
due to the averaging of rainfall data from all 5 weather stations across NWB (Figure 1), of which only 350 
two (i.e., Rajshahi and Ishwardi, Figure 1) are located near the highTVDI areas. Based on rainfall data 351 
from these two stations, results for the months of March (Figure 7a) and April (Figure 7b) showed a 352 
negative correlation (R = -0.63 for March and R = - 0.68 for April) between highTVDI area and rainfall. 353 

  354 
This negative agreement between the highTVDI area and rainfall, and the positive correlation 355 

between highTVDI and temperature, demonstrated that both of these climate variables have a direct 356 
impact on the drought situation in the part of NWB where highTVDI values were found continuously 357 
over the period. At this point, remote sensing drought index results (i.e., TVDI results) are in 358 
agreement with the variation of rainfall and temperature.  359 

 360 
Figure 7: Relationship between highTVDI and rainfall at selected meteorological stations. 361 

 4.3 TVDI results and field observations 362 

At this stage the TVDI results and climate variables suggested that the major factor behind the 363 
large lowTVDI was groundwater-based irrigation, with temperature playing a minor role. On the 364 
other hand, temperature and rainfall both played major roles in the highTVDI area, with little or no 365 
impact from irrigation. To confirm this it would be necessary to have time series soil moisture, 366 
irrigation, land use/cover and cropping data. Therefore, a small scale field campaign was carried out 367 
in the months of March and April to examine the field situation/moisture conditions. Several 368 
locations within the i) lowTVDI areas, and ii) highTVDI areas were investigated to determine the real 369 
ground conditions. 370 

  371 
  372 

4.3.1 Field observations in the lowTVDI area 373 

In lowTVDI areas, 10 sites were visited (Figure 8A–J) to understand the field conditions. Field 374 
data clearly revealed that the ground surface was largely covered by green HYV boro rice in different 375 
growing stages, namely: i) booting/heading stage (Figure 8A, 8B, 8C & 8K), ii) flowering and milk 376 
stage (Figure 8D, 8E, & 8L), and iii) dough stage (Figure 8H & 8M). Apart from the boro rice fields, 377 
homestead areas with vegetation cover are normally found throughout the investigated area, which 378 
can be seen at the edges of every picture (Figure 8B-K).  379 

a 

 

b 

R=-0.68 
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 380 

Figure 8: Field observations in lowTVDI area. 381 

Besides the overall field conditions, we found that the level of soil moisture was not the same 382 
for all irrigated fields (Figure 9). Some fields were completely saturated, with stagnant water (Figure 383 
9A & 9B), while wet (Figure 9C) and moist (Figure 9D) ground conditions were also observed in some 384 
fields. In addition, irrigated fields with different levels of soil moisture deficit were also found (Figure 385 
9E–H), probably for several reasons, such as weeding practices, temporary mechanical failure of 386 
irrigation equipment, negligence, or lack of financial ability to irrigate the fields. However, hardly 387 
any fields were found to be completely dry or suffering from severe drought conditions during the 388 
field campaign. 389 

 390 
Therefore, the TVDI results appear to be in good agreement with field conditions. There were 391 

no major soil moisture deficits where TVDI < 0.70. Indeed, our results indicate that in the lowTVDI 392 
areas, irrigation played a major role in reducing the effect of temperature during the dry season. 393 
Furthermore, the field observations suggest that the variation of TVDI values within the lowTVDI 394 
area is attributable to several other factors: i) spatial variation in rainfall, ii) variation in boro rice 395 
planting times; and thus different growing stages of rice, iii) weeding practices, v) boro rice fields 396 
with other fragmented land use/cover within the 1 km pixel, and vi) possible small calibration errors 397 
associated with the two satellite products. 398 

 399 
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 400 

            Figure 9: Variation of soil moisture conditions in lowTVDI area. 401 

4.3.2 Field observations in highTVDI areas 402 

The field observations of highTVDI areas were carried out in the two regions where highTVDI 403 
areas are concentrated: i) the High Barind Tract (HBT), and ii) the Ganges River Floodplain (GRFP). 404 

  405 
4.3.2.1 Field observations in the HBT highTVDI area 406 

Completely different ground conditions were observed in the highTVDI HBT region (Figure 10) 407 
compared to the lowTVDI areas (Figure 8). In this region, few green fields were observed and most 408 
land parcels were fallow (Figure 10A1) due to inadequate soil moisture resulting from low rainfall 409 
and high temperatures. The severity of dryness can be seen from the cracking of surface soil (Figure 410 
10A2), although a few days before the field investigation, there was a sudden rainfall event 411 
throughout the area, which moistened the soil and caused water logging in low-lying areas (Figure 412 
10B1). In this area fallow land with dry bare soil was dominant, along with some HYV boro rice 413 
where water supply from a deep tube well was available (Figure 10A3 and 10D1). In addition, another 414 
type of land cover i.e., plantations were observed (Figure 10B2, 10C1 & 10A3). 415 

  416 
Field investigation indicates that a higher degree of soil moisture deficit prevails in this region 417 

during the late dry season (March and April), than in the lowTVDI areas (Figure 8), unless there is 418 
water from irrigation or sudden rainfall. This field condition, of severe soil moisture deficit or 419 
dryness, is clearly in agreement with the obtained TVDI results (TVDI > 0.70) and indicates that TVDI 420 
can effectively identify the drought-prone areas. The field observations confirmed that the main 421 
factors behind this dryness are the low rainfall and high temperature. The influence of irrigation can 422 
be seen in Figure 10A3 & 10D1, in which some parts of the field are irrigated (no dryness) while others 423 
are mostly dry and fallow. However, there is still variation of TVDI values in the highTVDI area that 424 
is probably attributed due to several minor factors observed during the field investigations, such as 425 
i) different stages of plantation growth (Figure 10B1, 10B2 & 10C1), ii) different grazing conditions 426 
(Figure 10C2 & 10D2), and iii) occasional rainfall (Figure 10B1). 427 
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 428 

Figure 10: Field observations in highTVDI area in the high Barind Tract (HBT) region. 429 

4.3.2.2 Field observations in the GRFP highTVDI area  430 

Several locations were visited during the field campaign in the highTVDI area in GRFP (marked 431 
with circles on Figure 11). A large part of the area was fallow after harvesting of the previous crop 432 
(Figure 11A), and was covered by dry wheat straw, as well as different kinds of grass, weeds, small 433 
crops, and plantations (Figure 11A–H). Some completely empty parcels of ploughed land were also 434 
found in many parts of this region (Figure 11I & J). The only significant field crop observed was 435 
sugarcane at different stages of growth (Figure 11K–M) probably because of its lower water 436 
requirement and ability to obtain moisture from deeper soil compared to other crops. Overall, this 437 
field campaign found this area to be extremely dry, and affected by different degrees of drought 438 
severity due to the lack of soil moisture caused by low rainfall and high temperatures. 439 
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The observable soil moisture deficit in this part of the study area is in agreement with the TVDI 440 
results indicating a drought situation based on highTVDI values. Similar to the HBT region, the main 441 
factors underlying the severity of drought were the high temperatures and low rainfall in the absence 442 
of irrigation moisture. Indeed, there are several other factors such as plantations, cropping patterns, 443 
land use/cover, underground soil moisture, top soil conditions, etc. that play minor roles in the 444 
variation in drought conditions, resulting in the spatial and temporal variation in TVDI results. 445 

  446 

 447 

Figure 11: Field observations in the severe drought (highTVDI) area in the low Ganges River floodplain 448 

(GRFP) region.  449 

5. Discussion 450 

This study investigates potential agricultural drought across the northwestern part of 451 
Bangladesh by integrating remote sensing-based drought indices with climate variables and field 452 
observations. Results indicate that the remote sensing based drought index, the TVDI is very effective 453 
for identifying drought, as the TVDI results are comparable with, and confirmed by field observations 454 
from both irrigated and non-irrigated surfaces. Our findings on the effectiveness of the TVDI agree 455 
with other studies which report that NDVI–LST based drought indices, especially the TVDI are 456 
effective for the investigation of soil moisture conditions across a range of land features and agro-457 
ecological zones (21, 50, 51, 56]. 458 
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In addition to the effectiveness of the remote sensing based drought index TVDI, we investigated 459 
the integrated use of TVDI with climate the variables temperature and rainfall by grouping the TVDI 460 
results into two groups i.e. lowTVDI and highTVDI. In lowTVDI areas, we found a very large 461 
disagreement between TVDI results and climate variables. For example, there are many areas where 462 
temperature is high and rainfall is low, but the TVDI result indicates no moisture deficit, even in the 463 
month of April (hottest month), and this is due to intensive irrigation practices. The field observations 464 
in lowTVDI areas confirm the TVDI results, but do not correspond to the observed temperature and 465 
rainfall conditions. In contrast, we found that TVDI results are completely in agreement with 466 
temperature and rainfall in highTVDI areas which are characterized by high temperature, low rainfall 467 
and lack of irrigation practices. Field observations from the highTVDI regions represent the TVDI 468 
outcomes and observable temperature and rainfall reasonably well. 469 

 470 
The successful integrated use of TVDI, climate variables and field observations in highTVDI 471 

areas indicate that this integration can effectively be used for the detection of the spatial and temporal 472 
variation in drought over the study area. However, the massive seasonal (Figure 4a) long-term 473 
(Figure 12) anomalies between lowTVDI areas and climate variables provided us an indirect 474 
opportunity to understand/detect the potential risks of drought in this complex environmental 475 
settings where the lowTVDI and field observations tell us that there is no deficit of soil moisture due 476 
to intensive irrigation.  477 

 478 
We observed from the Figure 12 that over the 12-year period, the average temperature is high 479 

(>320C) and average rainfall is low (<35mm/month) especially in the months of March and April, but 480 
80% of the areas showed lowTVDI values. The percentage of lowTVDI areas (Figure 12) indicated the 481 
actual ground conditions detected by the remote sensing based TVDI index, and the field 482 
observations agreed with the TVDI outcomes. The indicated high temperature and low rainfall 483 
(Figure 12) over the period would be expected to instigate meteorological drought as well as 484 
agricultural drought, and this is indeed observed in highTVDI regions, but not in the lowTVDI regions 485 

due to intensive irrigation. 486 

  487 
Despite the current absence of agricultural drought, Figure 12 clearly shows that meteorological 488 

drought exists in this region but did not trigger agricultural drought. However, future risk of severe 489 
agricultural drought, which is currently observed in highTVDI areas, cannot be discounted if 490 
irrigation practices happen to be disrupted. This means that the integrated use of the remote sensing 491 

Figure 12: Long-term relationship between lowTVDI and climate variables (temperature and rainfall)  
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based TVDI index (which reveals ground conditions), and climate variables (which reveal climatic 492 
conditions), along with field observations  (which provide in situ evidence), can reliably indicate the 493 
present state, and future risk of drought, in complex environmental settings.   494 

6. Conclusion 495 

In this study, a simple approach for detecting drought and its potential risk in the study area of 496 
Bangladesh is presented. Several statistical and causal relationships were utilized to compare TVDI 497 
results with the climate variables (temperature and rainfall) and with field observations. Although 498 
Bangladesh has undergone several severe droughts in the past, massive irrigation practices have 499 
greatly changed the occurrence of severe drought in recent years. This has complicated the ability to 500 
monitor drought conditions at ground level as it relates to agricultural productivity and farming 501 
practices. Therefore, at present, we can only easily observe meteorological drought, especially in the 502 
months of March and April. However, agricultural drought, is observable in only a small part of the 503 
study area (NWB) at present, and does not occur over the larger part ofNWB, as the effect of 504 
meteorological drought is compensated by underground water-based irrigation. This implies that 505 
there is still a potential risk of drought in Bangladesh, and any disruption of the underground water 506 
supply for irrigation could trigger severe agricultural drought, with catastrophic impacts on food 507 
production in this densely populated country. 508 

  509 
There were a few limitations of the integrated drought monitoring methodology presented in 510 

this study. These include, particularly, the small amount of field data as well as slight errors in the 511 
satellite product which are inherent in long-term data processing. Despite these limitations, the study 512 
has achieved its objective of illustrating the current state and future risk of drought in this agriculture-513 
based country. Further studies may need to incorporate remote sensing, climate data and field 514 
observations to comprehend drought conditions not only in Bangladesh, but also in a regional 515 
context, since there is a trend of rising temperatures and drought incidence in the south Asian region 516 
due to climate change, which is illustrated by the very recent severe drought in India. 517 
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