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Abstract

Drought is one of the major natural disasters in Thailand, causing significant damage as it greatly

affects farming, mostly in the northeastern region of Thailand. The objective of this study was to present

a drought analysis using data from the Terra Modis satellite and spectral index in the upper northeastern

study area, approximately 52,504.65 km?. In operation the Standardized Vegetation Index (SVI) was

analyzed, based on calculations from the normalized differences vegetation index (NDVI) values Terra
Modis satellite to examine the distribution of plants during 2014-2016. The study found that the largest
drought area was in the year 2014, representing 93.12% (or 48,892.33 km?), followed by the year 2015
representing 87.02% (or 45,689.54 km?), and the year 2016 representing 86.42% (or 45,374.51 km?),

respectively. The three-year SVI analysis results showed that the statistical correlation of rainfall during

the same period is high. The results of this study indicated that drought analysis based on data from

Terra Modis effectively identified the patterns of drought-prone areas.
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Introduction

Drought is a natural disaster that occurs in many
parts of Thailand and is a serious problem and an
obstacle to national development. Areas with drought
conditions often have water shortages for their
consumption, including water for agriculture. While
Thai agriculture is based on natural rainwater, if there is
insufficient water, crop yields will be reduced, resulting
in shortages of agricultural products and processed
products for both domestic consumption and export.

*e-mail: teerawong@msu.ac.th

Drought has a direct impact on the economy and has
indirect impacts on society and culture, as people
abandon their habitat and migrate to work in cities when
farming is not possible. In addition, very dry weather
can also cause forest fires, which are another source of
environmental problems [1-4]. Drought in the northeast
has long been a major problem, mainly due to rainfall.
There are also other factors, including soil moisture,
groundwater, and land use. Droughts are caused by low
rainfall during the rainy season and its discontinuance
in June in July. In addition, based on the analysis of the
spatial and multi-temporal rainfall patterns, it was found
that the discontinuance also occurred in the second
half of September. The upper northeastern region is
affected by drought seriously, as it is the area where
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the influence of the southwest monsoon cannot reach.
And in any year, if there is no tropical cyclone passing
through that line, it will cause more severe drought.
The main impact of drought is the lack of water for
water use in various activities, particularly agriculture
and consumption. Agriculture is a major occupation
in the northeast, so water shortages have had a severe
impact on crop production. When agricultural crops are
reduced, economic, social and environmental problems
may arise, as well as health problems such as epidemics
during drought [5].

Drought is more severe or less dependent on many
factors, including physical, ecological, and human
activity. Rainfall is therefore an important factor that
should be used to find correlations with the spectral
index [6-8]. In addition, in order to study the duration of
rainfall that affects vegetation, the relationship between
rainfall and the spectral index is an important parameter
for determining drought areas [9-11]. Changes in the
phenology of vegetation in arid areas can be seen as
the difference in electromagnetic reflection by satellite-
based data [12-14]. However, in drought studies, data
may need to be optimized to make it more suitable
for use or to improve the efficiency of the data for
the study. This data optimization is called “index”
[15-17]. The spectral index that correlates with physical
condition of plants, water content in plants and soil
can indicate drought condition. That is, growth and
abundance of vegetation at different weather conditions
(season) can be indicated by standardized vegetation
index (SVI) calculations [18-20]. Based on the reasons
and significance of the problem mentioned above,
the purpose of this study is to present a drought
analysis approach using satellite-based data and spectral
index for the upper northeastern study area from 2014
to 2016.

Study Area and Data
Study Area

The area used in this study is in upper northeastern
Thailand (Fig. 1), located at latitude 16-18° north and
longitude 100-103° east. Upper northeastern Thailand
consists of 7 provinces: Loei, Nong Bua Lam Phu, Udon
Thani, Nong Khai, Sakon Nakhon, Nakhon Phanom and
Mukdahan, with a total area of about 52,504.65 km?.

Operational Data
Data from Terra Modis Satellite

The Terra Modis satellite is designed to track and
monitor natural resources, with a swath of about 2,330
km, spatial resolution of 250-1000 m, 36 discrete
spectral bands, and collecting data for every point of
the earth’s surface every 2 days. The data from the
Terra Modis satellite is ideal for tracking large spatial
variations like the northeastern part. In this study,
two sets of MODI13Ql1 products were used, h27v07
and h28v07, of which normalized differences
vegetation index (NDVI) data sets covered the period
from 2014 to 2016. Data from the satellite would
go through the radiometric collection and mosaic
image processing to combine the two sets of data and
the upper northeastern study area. Then the value of the
data was set under the mask to make the cloud area and
the water area null and not used in the calculation.

Rainfall Data

This study uses the average monthly rainfall data
for the years 2014, 2015 and 2016 to determine the

Fig. 1. Upper northeastern Thailand.
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Fig. 2. Flowchart of the study.

temporal relationship with the SVI mean. Only rainfall
monitoring ground stations of the Thai Meteorological
Department located in the northeastern region were
chosen for data collection.

Operational Method

In this study, the data analysis procedure was
performed (Fig. 2). There were sequences of drought
analysis using satellite data and spectral index in the
upper northeastern region as follows.

Data Collection from Terra Modis

In this study, Terra Modis satellite-based data was
collected from the USGS at https://earth explorer.usgs.
gov/; monthly data for 2014-2016 were downloaded.

SVI Analysis

As SVI was a value derived from NDVI, the study
used monthly data from Terra Modis from MOD13Q1
series with NDVI format, which was a useful and
widespread indicator for monitoring vegetation
dynamics. SVI was based on the z-score of each satellite-
based pixel. The standard score was the deviation from
average value in units of standard deviation calculated
from NDVI of each pixel in each season (3 seasons in
this study) according to the seasons in Thailand: the
hot season (17 February to 16 May), the rainy season

(17 May to 16 October), and the cold season (17 October
to 16 February). The standard score (z-score) was
analyzed by equation 1 as follows [18]:

NDVI,, — NDVI;
(o

v ey

i =

...where:

Z, = the z-value for pixel i during week j for year k
NDVI, = the weekly NDVI value for pixel i during week
j for year k

NDVI,

= the mean NDVI for pixel i during week j over
n years and
= the standard deviation of pixel i during week j over

n years

From equation 1, the Zy value is a hypothesis value
to be consistent with a standard normal distribution with
the mean of 0 and standard deviation of 1 to examine
hypothesis from pixel locations in each season of the
years 2014, 2015 and 2016. The probability value of
SVI =P (Z,) of the standard score of NDVI to reflect
the probablllty of plant conditions. The SVI analysis can
be seen in equation 2 [18]:

SVI = (Z[jk _ZijMIN)

-Z iiMIN )

iiMAX
.. where:
Z,= z-value for pixel 1 during week j for year k
Z, 4y — maximum of z-value for pixel i during week j
and
gy — Minimum of z-value for pixel i during week |
From Equation 2, the probability of each pixel was
expressed as SVI, helping to visualize the greenness of
the vegetation in terms of the probability of each pixel
during different seasons of different periods. This study
was conducted over a period of 3 years (2014-2016) to
illustrate the comparison of high-level drought and low-
level drought during such a period by seasons. It also
estimated the probability of current vegetation from
past vegetation. SVI was in the range of more than zero
but less than one (0<SVI<I), where 0 was the lowest
standard deviation of the NDVI at the pixel in that
period over a period of 3 years, and 1 was the highest
standard deviation of the NDVI at the pixel in that
period over a period of 3 years.

Spatial Analysis

Spatial analysis of drought intensity was classified
by critical levels of vegetation in each month of the
years 2014, 2015 and 2016. SVI drought levels were
classified into 5 levels (Table 1): 0.00-0.05 representing
the lowest vegetation condition (very high drought)
to 0.95 to 1.00 representing high vegetation (very low
drought).
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Table 1. SVI level, percentage of SVI and drought level.

SVI level Percentage of SVI Drought level
0.95 — 1.00 (very high vegetation) 96.0% - 100% Very low drought
0.75 — 0.95 (high vegetation) 76.0% - 95.0% Low drought
0.25 —0.75 (moderate vegetation) 26.0% - 75.0% Moderate drought
0.05 —0.25 (low vegetation) 6.0% - 25.0% High drought
0.00 — 0.05 (very low vegetation) 0.0% - 5.0% Very high drought

Multi-temporal analysis made it possible to more
clearly see the overview over the three-year period
(2014-2016). The SVI analysis result was analyzed
together with the average monthly rainfall data for
the years 2014, 2015 and 2016, from 22 rainfall
monitoring ground stations of the Thai Meteorological
Department covering only the upper northeastern
region.

Statistical Correlation Analysis

The SVI analysis result from spatial analysis and
rainfall data for the years 2014, 2015 and 2016 were
used to find statistical correlations in the form of linear
regression analysis.

Results and Discussion
SVI Analysis Result

The analysis result of SVI in monthly basis for 3
seasons, rainy hot and cool, presented the 3-year average
of SVI (2014-2016) as shown in Fig. 3. The graph clearly
showed SVT variability. In addition, the analysis result of
SVI in monthly basis for the years 2014, 2015 and 2016
showed the different vegetation conditions in the range
of 0 to 1, based on the theory mentioned above. The
average indicated the vegetation or drought condition
in each period and each season. The result showed that
2014 had the highest average of 0.38 (standard deviation
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Fig. 3. SVI analysis result.

0.27) in July in the rainy season, and the lowest in
0.21 (standard deviation 0.31) in January and February
in the late cold season. 2015 had the highest average
of 0.38 (standard deviation 0.27) in July in the rainy
season, and the lowest in 0.22 in January (standard
deviation 0.30) and February in the late cold season.
And 2016 had the highest average of 0.36 (standard
deviation 0.26) in October in the rainy season, and the
lowest in 0.22 (standard deviation 0.30) in February in
the late cold season.

Spatial Drought Intensity Analysis Results

Drought analysis using satellite-based data and
vegetation change showed that the SVI variability at
different times depended on rainfall, which determined
the drought. A comparison of SVI data for several
seasons in each year showed different vegetation
changes. SVI spatial data clearly reflected the different
levels of vegetation in each area. Areas with vegetation
abnormalities in 2014, 2015 and 2016 are shown in
Figs 4-6.

Fig. 4 shows the upper northeastern region in 2014;
in the hot season (17 February to 16 May) the lowest
vegetation was in March. The distribution of vegetation
was very high in May. In the rainy season (17 May to
16 October) the lowest vegetation was in June, then the
highest vegetation was in September. And in the cold
season (17 October to 16 February) the distribution
of vegetation was very high in November, then the
vegetation began declining until December in 2014. In
Fig. 5 the upper northeastern region in 2015 in the hot
season (17 February to 16 May) the lowest vegetation
was in April. The distribution of vegetation was very
high in May. In the rainy season (17 May to 16 October)
the lowest vegetation was in July, then the highest
vegetation was in September. And in the cold season (17
October to 16 February) the distribution of vegetation
was very high in November, then the vegetation began
declining until December in 2015. From Fig. 6, the
upper northeastern region in 2016, in the hot season
(17 February to 16 May) the lowest vegetation was in
March. The distribution of vegetation was very high
in May. In the rainy season (17 May to 16 October)
the lowest vegetation was in June, then the highest
vegetation was in October. And in the cold season
(17 October to 16 February) the distribution of vegetation
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Fig. 5. Spatial drought intensity analysis result for 2015.
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Fig. 6. Spatial drought intensity analysis result for 2016.

was very high in November, then the vegetation began
declining until December in 2016.

In addition to the analysis mentioned above, this
study also analyzed the annual SVI by overlaying data
from monthly data, which made it possible to reflect
spatial and temporal droughts more precisely than
monthly. As shown in Fig. 7, the most severe spatial
drought was in 2014, followed by the years 2015 and
2016, respectively

Multi-Temporal Drought Analysis Result

SVI monthly average and rainfall over 3 years
(Fig. 8) showed that the temporal variation of the SVI
average corresponded to the monthly rainfall, but the
change in SVI was slower than that of rainfall because
vegetation developed after sufficient water for growth
or leaf production. Multi-temporal drought analysis was
summarized as follows. In 2014, rainfall variations were

0.00 - 0.05 0.05-0.25 0.25-0.75 0.75-0.95 0.95 - 1.00

Fig. 7. SVI yearly analysis.
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Fig. 8. Multi-temporal drought analysis result.

lowest in January and February, then increased steadily
and reached a peak in July, and dropped to the lowest
in December. In 2015, rainfall variations were lowest in
January, then increased steadily and reached a peak in
July, and dropped to the lowest in December. In 2016,
rainfall variations were slightly higher in January, then
dropped until March, and increased steadily and reached
a peak in September, then dropped steadily and reach
their lowest in December.

Statistical Correlation Analysis Result

Statistical correlation analysis result between SVI
(independent variable) and rainfall (dependent variable)
in 2014, 2015 and 2016 showed that the SVI variation
was consistent with or correlated with the amount of
rainfall. Statistical correlation analysis results between
SVI and rainfall in 2014 provided a correlation equation
y = 1686.8x-372.56 and a coefficient of determination
R? = 0.88. The statistical correlation analysis result
between SVI and rainfall in 2015 provided a correlation
equation y = 1379.4x-314.35 and a coefficient of
determination R? = 0.78. And statistical correlation
analysis result between SVI and rainfall in 2016
provided a correlation equation y = 1703.8x-371.43 and a
coefficient of determination R* = 0.74.

Conclusions

In this study, the average SVI could be used as a
comparison operator. Low SVI values implied drought;
and the closer to 0, the more severe the drought. In
contrast, high SVI implied abundance; the closer to
1, the more abundance and no drought. The study
also found that the largest drought area was in 2014,
representing 93.12% (or 48,892.33 km?), followed by the
year 2015 representing 87.02% (or 45,689.54 km?), and
the year 2016 representing 86.42% (or 45,374.51 km?).
Multi-temporal drought analysis results between SVI
and rainfall showed that the average monthly average

- T4
ol 5
- Told 6

=B85\

of SVI and rainfall were consistent with each other
over the 3-year study period, as shown in the standard
graph in Figure 8. That is, if rainfall increased, SVI
increased accordingly. On the other hand, if rainfall
decreased, SVI decreased accordingly. However, the
change in SVI was slower than that of rainfall because
vegetation developed after sufficient water for growth
or leaf production. In addition, statistical correlation
analysis between SVI (independent variable) and
rainfall (dependent variable) on a monthly basis of all
3 years (2014-2016) showed that in 2014 the coefficient
of determination R? = 0.88, in 2015 R? = 0.78, and in
2016 R* = 0.74. The coefficient of determination of
all three years approached 1, indicating a high
correlation.

We also found that the result was in the same
direction with other research such as an evaluation
of drought risk area in northeastern Thailand using
remotely sensed data and GIS [21], exploration of
spatio-temporal drought patterns using satellite-derived
indices for crop management in northeastern Thailand
[22], and using standardized vegetation index to assess
drought areas in northeastern Thailand [23]. Therefore,
the results of this study provide a rational basis for
determining the drought-prone areas of the upper
northeastern region. It also quickly and reliably provides
drought area assessment. Relevant agencies can use this
method to analyze drought areas and apply the results to
develop sustainable drought prevention and mitigation
plans in other areas of Thailand.
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