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Abstract: Agriculture is one of the dominant industries in the Mun River Basin, but farmlands
are frequently affected by floods and droughts due to the water resource management mode of
their rainfed crop, especially in the context of climate change. Drought risk assessment plays an
important role in the Mun River Basin’s agricultural sustainable development. The objective of
this study was to identify the tempo-spatial variation in dryness and wetness patterns; the drought
intensity, frequency, and duration; and the potential causes behind drought using the methods of the
standardized precipitation evapotranspiration index (SPEI), ensemble empirical mode decomposition
(EEMD), correlation analysis, and the Pettitt test over the basin. Results showed that the Mun River
Basin underwent a drying climate pattern, which is explained by the significant decreasing trend
of SPEI_12M during the study period. In addition, the downstream area of the Mun River Basin
was subjected to more intense, extreme dryness and wetness events as the decreased amplitude of
SPEI_12M and SPEI_3M was higher than that over the upper and middle reaches. Drought intensity
presented a remarkable decadal variation over the past 36 years, and an average 7% increase per
decade in the drought intensity was detected. Besides, there have been more mild and moderate
droughts frequently appearing over the Mun River Basin in recent decades. For the underlying
causes behind the drought condition, on the one hand, the shortened precipitation day over the rainy
season accounted more for the intense drought events than the precipitation amount. On the other
hand, El Nino Southern Oscillation (ENSO)-brought sea surface temperature anomalies aggravated
the potential evapotranspiration (ETr), which might be closely related to the drought intensity and
frequency variation. These tempo-spatial maps of dryness and wetness and drought occurrence
characteristics can be conducive to local stakeholders and agricultural operators to better understand
the agriculture industry risks and vulnerabilities and properly cope with pre-disaster planning and
preparedness and post-disaster reconstruction over the Mun River Basin.

Keywords: drought intensity; SPEI_12M; potential evapotranspiration; precipitation days; Mun
River Basin

1. Introduction

As an extreme abiotic stress, drought poses a serious threaten to crop yield and the
vegetation-growing environment [1–4], as well as having devastating impacts on regional
economic, environmental, and human well-being as a result of the characteristics of long
duration, wide-range influence, and great destructive power, and is particularly widespread
in most regions of the world with global warming [5–9]. In addition, drought is arguably
differentiated from other disasters by its complex and diverse impacts, leading to heavy
agricultural and economic damages and losses [10–13].

An increasing number of studies have established how drought has changed in re-
sponse to climate change, covering subjects from drought index construction [14–17],
drought monitoring and forecast [18–20], drought-induced disaster impact investiga-
tion [21,22], and specific vegetation response to droughts [23,24] to drought occurrence
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analysis and risk assessment over particular watersheds [25,26], which are essential for
drought emergency project formulation and agricultural irrigation system optimization. In
particular, rapid progress has been made in the spatial and temporal pattern of droughts,
drought-related phenomena, and mechanism investigation. Jiao et al. (2021) [27] applied
multi-sensor remote sensing to explore drought phenomena and mechanisms, including
drought trends, flash drought, and post-drought recovery. Naumann et al. (2018) [3]
discussed how drought conditions developed under different levels of global warming
and highlighted that two-thirds of the population would experience intense drying con-
ditions. Dai et al. (2020) [28] assessed agricultural drought risk and pointed out that
there was a significant increase in agricultural drought risk over the Pearl River Basin.
King et al. (2020) [29] examined that the primary reason for the long-lasting dry conditions
was the negative impacts of the Indian Ocean dipole over Australia. A growing body
of studies believes that the earth is already experiencing more intense and frequent dry-
ing conditions with an enormous economic loss for people and irretrievable impacts on
ecosystems, whereas some papers have suggested that the drying is still “controversial,”
especially for long-term trends of drought intensity and frequency variation. A wetting
tendency was observed during recent decades in some typical regions, such as the source
region of the Yellow River and the Yangtze River [1,30,31], Northwest China [1,12], the
Huang-Huai-Hai Plain of China [32], the Upper Great Plains and the Ohio River Valley
of the United States [33], and Scandinavia and Belarus [34]. Though drought occurred
at a great range of scale on the earth, significant regional differences related to drought
variation certainly existed. For example, alterations in regional precipitation patterns and
evaporative demands because of climate change were complex and heterogeneous that
propagated through the land surface to act on soil moisture, streamflow, and vegetation
growth and then considerably drove regional dryness and wetness characteristic formation
and variation. As a result, it is necessary to identify drought over the watershed scale so as
to assess its significant role in safeguarding agricultural production and safety.

The Mun River Basin, occupying an area of about 70,000 square kilometers, is the
largest basin in Thailand. Agriculture is one of the dominant industries of the basin.
However, agriculture is particularly vulnerable to frequent droughts and floods because
of the 90% rain-fed rice cultivation. Previous studies have indicated that precipitation
and evaporation associated with drought occurrence have varied substantially in recent
decades with global warming over the Mun River Basin. The increasing annual maximum
number of consecutive dry days is significantly associated with the decreased annual
maximum daily rainfall over the Mun River Basin [35]. Due to the variation in extreme
temperature and precipitation, the frequency of droughts will probably show a steady and
sustainable increase. Prabnakorn et al. (2019) [36] predicted more serious crop yield losses
with the temperature increasing further. As a result, in this study, we presented a detailed
assessment of the drought condition, including drought intensity, frequency, and duration,
over the Mun River Basin, which are theoretically and practically important in the context
of global climate change. In addition, compared to other studies, we were more concerned
with precipitation days as the significant variable influencing drought occurrence. Through
the understanding of drought, we sought to provide insights to agricultural producers
and managers so that they can plan agricultural system, irrigation, and water resource
management according to the tempo-spatial characteristics of drought and its inducements.

Drought risk assessment is important for a basin’s agricultural sustainable develop-
ment, as well as the underlying guarantee for the formation of an agricultural drought
warning mechanism [37,38]. A better understanding of drought characteristics and im-
provement of drought-forecasting techniques will not only reduce losses caused by drought
and its subsequent impacts but also allow stakeholders enough support to plan appropriate
management practices and mitigate the possible risks. Little is known about the drought
risk in terms of dryness and wetness patterns within the Mun River Basin, as well as the
potential influencing factors behind the drought condition. Many studies have deemed
that the intensified drought was due to the rising temperature and high evapotranspira-
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tion [39,40]. However, there has been less emphasis on the importance of precipitation
on drought event occurrence, particularly in regions with plentiful precipitation, where
precipitation is assumed to have little impact on drought. Actually, the impact of precipita-
tion on drought is critical and more complex as a result of the tempo-spatial variation of
precipitation in terms of precipitation frequency, intensity, and duration. Consequently, the
mechanism of the drought process is not clear, and there is still a vital question of what
significantly affects the drought over the Mun River Basin. This needs to be answered and
clarified definitely.

The aim of this study is thus to analyze the possible potential causes of meteorological
drought and its tempo-spatial characteristics that would contribute to the construction
and maintenance of appropriate disaster mitigation systems and agricultural irrigation
schemes. We thus estimate different timescale dryness and wetness patterns and drought
conditions containing drought intensity, frequency, and duration so as to reveal the possible
inducements accounting for a drought change over the Mun River Basin, Thailand. Knowl-
edge concerning effective drought monitoring is critical not only to better understand local
extreme events’ uncertainty with climate change but also to provide vital information for
drought management and mitigation.

2. Study Area

The Mun River Basin located northeast of Thailand spans from 14◦ N–16◦ N to 101◦30′

E–105◦30′ E, with a drainage area of about 71,000 km2 [41] (Figure 1). The region is
surrounded by several mountains and a plateau range in the southwest, and it is a vast
plain in the central and eastern parts. Within the subtropical humid monsoon climate, the
Mun River Basin has obvious wet and dry seasons. The annual rainfall is between 1300 mm
and 1500 mm. In the wet and dry seasons, rainfall is about 90% and 10%, respectively [41].
The rainfall gradually increases from west to east of the Mun River Basin, with the peak
flow occurring from September to October. The annual average temperature is no less than
18 ◦C, and the highest and lowest temperatures appear in April and January, respectively.
The main crops in this region are rice, cassava, and sweet potato, but their annual crop
yield is usually unstable due to the influence of monsoon.
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Figure 1. Location of the Mun River Basin based on digital elevation mode (DEM) and the geographic
distribution of the 11 meteorological stations.
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3. Data and Methods
3.1. Data Processing

Meteorological stations were selected in and around the Mun River Basin from the
Thai Meteorology Department (TMD), Thailand (Figure 1). The daily temperature (◦C) and
precipitation (mm) were used to estimate ETr and the SPEI from 1971 to 2016. First, the
quality of the data was assessed and controlled, including extreme removal, data continuity
identification, and missed data interpolation [42]. Missing data with a station for not more
than 3 days were interpolated using the neighboring stations or days [43]. Ultimately, one
of the third station was excluded, and 11 meteorological stations were reserved.

3.2. Methodology
3.2.1. Thornthwaite Equation

The Thornthwaite equation is a widely used method to estimate ETr since it can
make a quick estimation using the air temperature and mean daily daylight hours, which
can be calculated from the latitude [44,45]. The method uses the following equations to
calculate the monthly ETr and also can be a computational check on other more complicated
computations of ETr [46,47]:

ETr = 16 ∗
(

10 ∗ t
I

)α

(1)

where t is the mean monthly temperature, I is the annual heat index, and α is an empirical
parameter that is determined according to:

α = 675 ∗ 10−9 ∗ I3 − 771 ∗ 10−7 ∗ I2 + 1792 ∗ 10−5 ∗ I
+0.49239

(2)

The annual heat index (I) is calculated, as the sum of the monthly heat indices (i):

I =
12

∑
i=1

i (3)

and

i =
(

t
5

)1.514
(4)

Potential evapotranspiration is later corrected according to the real length of the month
and the theoretical sunshine hours for the latitude of interest, with the formula:

ETr_corrected = ETr ∗ N
12
∗ d

30
(5)

where N is the theoretical sunshine hours for each month and d is the number of days for
each month.

3.2.2. Standardized Precipitation Evapotranspiration Index (SPEI)

The standardized precipitation evapotranspiration index is a comprehensive index of
water availability and climatic water balance and has significant potential to portray the
drought condition with climate change [14]. The characteristics of multiple timescales and
convenient calculation processes made it popular in drought risk assessment and dryness
and wetness evaluation [31,48].

There are two steps in the calculation of the SPEI. First, the calculation process is
based on the difference (D) between monthly precipitation and ETr. D is then accumulated
on a predefined time period (e.g., 3 months, 6 months), and the aggregated D is fitted
to a probability distribution function. The three-parameter log-logistic distribution was
adopted in this study.
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The SPEI was calculated at the monthly resolution. The 3-month SPEI (SPEI_3M) and
12-month SPEI (SPEI_12M) were chosen as they could present seasonal and annual scale
drought characteristics [49]. Drought intensity, duration, and frequency were investigated
based on the value of the 3-month SPEI and 12-month SPEI. The number of months during
which the SPEI was <−0.5 was regarded as the drought frequency, and the corresponding
mean SPEI absolute value was the intensity. Drought duration was the number of months
between drought starting and ending. The longest drought and the total drought duration
were also investigated based on SPEI_3M. Table 1 shows the corresponding probabilities of
drought occurrence at each level [50,51].

Table 1. Drought grade classification based on the SPEI and corresponding event probabilities.

Drought Grade SPEI Probability (%)

Extreme drought
Severe drought

Moderate drought
Mild drought
No drought

SPEI ≤ −2.0
−2.0 < SPEI ≤ −1.5
−1.5 < SPEI ≤ −1.0
−1.0 < SPEI ≤ −0.5
−0.5 < SPEI ≤ 0.5

2.3
4.4
9.2

17.05
17.05

3.2.3. Ensemble Empirical Mode Decomposition (EEMD)

EEMD was determined by considering the deficiency of modal aliasing of the EMD,
and it was a noise auxiliary data analysis method [52]. EEMD regards the combination
of additional white noise and signals as an entirety, and then, the entirety is divided into
modal-consistent IMFs [53,54]. In this study, the EEMD method was used to decompose
the SPEI_12M series into various timescale components from 1971 to 2016. The specific
steps of EEMD analysis are as follows [55]:

(1) The standard normal distribution white-noise series is added to the targeted data.
(2) The targeted data with additional white noise is decomposed into IMFs.
(3) Repeat steps (1) and (2) n times with a different white-noise series each time.
(4) Obtain the final results based on the ensemble means of corresponding IMFs.

The method of correlation analysis was used to identify the relationship between
drought intensity, frequency and ETr, precipitation day, and precipitation amount [56].
The Pettitt test is a nonparametric mutation detection method, and it can detect the muta-
tional point of a hydro-meteorological data series [57,58]. The trends of drought intensity,
frequency, ETr, and precipitation were analyzed using this method in this study.

4. Results and Discussion
4.1. Dryness and Wetness Pattern Detection

Figure 2 shows the variation in the mean SPEI_12M (averaged across 11 meteorological
stations; Figure 2A) and the intrinsic mode functions (IMFs) of SPEI_12M decomposed by
EEMD (Figure 2B–E) from 1971 to 2016 over the Mun River Basin.

SPEI_12M generally displayed a significant decreasing trend from 1971 to 2016 (p < 0.05),
which illustrates the Mun River Basin experienced a drying climate pattern. In addition,
SPEI_12M exhibited a distinct change in phase, even though it decreased significantly. Until
the year 1998, SPEI_12M decreased to the lowest value of −1.59, and then, it fluctuated
with a slightly increasing trend. During the period of 2008 to 2016, it showed a declining
trend again.

There were four IMFs extracted from the average SPEI_12M series over the Mun River
Basin. The frequency of the four IMFs went gradually from large to small, which indicated
the multi-scales characteristics and different periods of SPEI_12M. The variation in IMF1
showed the highest frequency and apparently represented a 2–3-year periodic. IMF2 was
relatively stable and showed a cycle of about 5 years, and the cycle might be associated
with the El Nino Southern Oscillation (ENSO). ENSO was strongly related to the abnormal
dry conditions in Thailand and frequently resulted in severe crop losses. IMF3 varied with
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a cycle of 11.1 years and was much similar to the cycles of sunspots. This indicated that
solar activity may indirectly impact the wetness and dryness condition. IMF4 exhibited
a temporal trend of dryness and wetness patterns over the Mun River Basin from 1971
to 2016.
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Figure 2. The variation in SPEI_12M (A) and the intrinsic mode functions (IMFs) obtained from the
SPEI_12M value (B–E) over the Mun River Basin from 1971 to 2016.

To explore the spatial pattern of dryness and wetness conditions over the Mun River
Basin, SPEI_3M and SPEI_12M were investigated at each meteorological station for the
period of 1971 to 2016 (Figure 3). Overall, the mean SPEI_3M and SPEI_12M across all
stations showed decreasing trends and indicated that the entire Mun River Basin would go
through drying conditions. SPEI_3M at approximately 73% of stations and SPEI_12M at 45%
stations passed the significance test (p < 0.05; Figure 3). This result was similar to the reports
by the National Aeronautics and Space Administration (NASA) and Thai officials, and they
suggested that severe droughts swept Thailand for nearly 40 years. More similar drying
conditions were found in other parts of the world, such as southwestern Europe [34], central
Nepal [59], western and southeastern United States [33], the northeast of Australia [60],
and the Mongolian Plateau [61]. No doubt that the arid tendency has become a common
phenomenon all over the world. The decreasing amplitude of SPEI_12M across stations
over the downstream area was higher than that over the upper reaches of the Mun River
Basin, which illustrated the downstream area suffered an obvious drying tendency. On the
one hand, the downstream area of the Mun River Basin had greater decreasing precipitation
compared to the upper reaches. On the other hand, water resource consumption for crop
production continuously increased with increasing crop cultivation in recent decades over
the downstream area of the Mun River Basin. As a result, evapotranspiration significantly
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increased and thus aggravated the dryness condition, which explains the higher decreased
slope of SPEI_12M over the downstream area of the Mun River Basin. The decreased
amplitude of SPEI_12M was greater than that of SPEI_3M and demonstrated that the
wetness and dryness condition variation on a decadal scale was obviously more significant
than that on the seasonal scale.
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4.2. Drought Intensity, Frequency, and Duration

In this section, more drought characteristics, such as its intensity, frequency, and
duration, were investigated and assessed based on SPEI_12M and SPEI_3M. Figure 4A–E
presents the drought intensity of each station from 1971 to 2016 over the Mun River Basin.
The study period (46 years) was divided into 5 periods so as to provide more detail and
sufficient information about the drought intensity variability.

Land 2022, 11, x FOR PEER REVIEW  9  of  18 
 

 

Figure 4. Spatial distribution of drought intensity for every 10 years during the period of 1971–2016 

based on SPEI_3M: (A)1971–1980, (B)1981–1990, (C)1991–2000, (D) 2001–2010, and (E) 2011–2016. 

By comparing the spatial distribution of the drought intensity of the 1970s with that 

of the 1980s, we found that the higher‐intensity droughts moved to the downstream area 

from the middle reaches of the Mun River Basin. In the 1990s, the most higher‐intensity 

drought events occurred over the frontier area, while they shifted from the frontier area 

to the center area in the 2010s. After 2010, the high‐intensity droughts attacked the whole 

Mun River Basin (Figure 4E). Based on a monthly SPEI of <−0.5 of all stations, we con‐

structed a drought intensity time series from 1971 to 2016 over the Mun River Basin (Fig‐

ure 5A). The drought intensity series showed an increasing trend and had obvious inter‐

decadal characteristics. During the period of the 1970s to the 1980s, the drought intensity 

ranged from 0.66 to 1.14. The drought intensity subsequently increased by 16.4% in the 

1990s in comparison to that in the 1980s. The drought intensity reached the highest value 

of 1.06 after 2010. In addition, the amplitude of the drought intensity fluctuated severely 

after 1998, indicating that there were more extreme drought events during this period. 

Figure 4. Spatial distribution of drought intensity for every 10 years during the period of 1971–2016
based on SPEI_3M: (A)1971–1980, (B)1981–1990, (C)1991–2000, (D) 2001–2010, and (E) 2011–2016.

By comparing the spatial distribution of the drought intensity of the 1970s with that
of the 1980s, we found that the higher-intensity droughts moved to the downstream area
from the middle reaches of the Mun River Basin. In the 1990s, the most higher-intensity
drought events occurred over the frontier area, while they shifted from the frontier area to
the center area in the 2010s. After 2010, the high-intensity droughts attacked the whole Mun
River Basin (Figure 4E). Based on a monthly SPEI of <−0.5 of all stations, we constructed
a drought intensity time series from 1971 to 2016 over the Mun River Basin (Figure 5A).
The drought intensity series showed an increasing trend and had obvious inter-decadal
characteristics. During the period of the 1970s to the 1980s, the drought intensity ranged
from 0.66 to 1.14. The drought intensity subsequently increased by 16.4% in the 1990s in
comparison to that in the 1980s. The drought intensity reached the highest value of 1.06
after 2010. In addition, the amplitude of the drought intensity fluctuated severely after
1998, indicating that there were more extreme drought events during this period.
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Mild droughts frequently occurred over the Mun River Basin, with the greatest pro-
portion of mild droughts (over 50%), followed by moderate drought and severe drought
from 1971 to 2016 (Figure 6). Though the number of extreme droughts was relatively low
and only ranged from 1 to 5 during the study period, their influence was considerable for
rice cultivation and output. The drought frequency was higher over the middle-lower area
than the upper reaches over the Mun River Basin (Figure 6). Furthermore, a relatively large
proportion of moderate drought was detected over the downstream area. For example, the
proportion of moderate drought was as high as 60% at the station of Ubon. Similar to the
drought intensity being on the increasing trend, the drought frequency also presented a
significantly increasing trend (p < 0.05; Figure 5B). Reports indicated that fruit production
had greatly reduced and that the yield of durian, mangosteen, and longan reduced by
almost 50% in 1998 due to prolonged droughts.

Land 2022, 11, x FOR PEER REVIEW  11  of  18 
 

 

Figure 6. The frequency of mild, moderate, severe, and extreme drought during 1971–2016 over the 

Mun River Basin, Thailand. 

The drought duration also plays an important role in affecting agricultural activities. 

The  longest drought duration  (hereafter referred  to as  the LDD) and  the  total drought 

duration (hereafter referred to as the TTD) from 1971 to 2016 over the Mun River Basin 

are illustrated in Figure 7. We found that the LDD and TDD fluctuated between 11 and 20 

and between 137 and 214 months, respectively. A greater LDD of more than 15 months 

and a TDD of more than 170 months were detected over the upper Mun River Basin, the 

spatial  distribution  of  the  LDD  and  TDD  corresponded  to  the  frequency  of  extreme 

drought, and a greater frequency of extreme drought was found over the upper basin. In 

addition, the LDD occurred after 2010 at about 60% of the stations, and this result echoed 

the inter‐decadal variation in drought intensity. 

Figure 6. The frequency of mild, moderate, severe, and extreme drought during 1971–2016 over the
Mun River Basin, Thailand.



Land 2022, 11, 2244 10 of 16

The drought duration also plays an important role in affecting agricultural activities.
The longest drought duration (hereafter referred to as the LDD) and the total drought
duration (hereafter referred to as the TTD) from 1971 to 2016 over the Mun River Basin are
illustrated in Figure 7. We found that the LDD and TDD fluctuated between 11 and 20 and
between 137 and 214 months, respectively. A greater LDD of more than 15 months and a
TDD of more than 170 months were detected over the upper Mun River Basin, the spatial
distribution of the LDD and TDD corresponded to the frequency of extreme drought, and a
greater frequency of extreme drought was found over the upper basin. In addition, the LDD
occurred after 2010 at about 60% of the stations, and this result echoed the inter-decadal
variation in drought intensity.
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4.3. The Potential Influencing Factors for the Drought Condition

In this section, we analyzed the tempo-spatial variation in precipitation and ETr
during the study period. Temperature was not factored, because temperature affects
drought through its impact on ETr. The seasonal variation in precipitation and ETr was
then assessed in a similar way. Finally, the relationship between drought conditions and
precipitation and ETr was identified.

The annual variation in precipitation and ETr averaged over the Mun River Basin from
1971 to 2016 is shown in Figure 8. The annual precipitation showed two distinct stages. The
annual precipitation decreased by 23.6 mm decade−1 until 1993 and then increased after
that year (Figure 8A), which was similar to the study of Limsakul and Singhruck (2016) [62].
The average annual precipitation was a little lower (1296.7 mm) from 1971 to 1993 than
that in the period of 1993 to 2016 (1359.0 mm). In fact, the highest and lowest values of the
annual precipitation may exert an important influence on the precipitation series trend,
and they even may reverse the whole trend. For example, the highest precipitation reached
1742.2 mm in 2000. The precipitation increased by 12.3 mm decade−1 from 1971 to 2000 but
decreased during the period of 2000 to 2016.
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Figure 8. Temporal variation in precipitation (A) and ETr (B) during the period of 1971–2016 over the
Mun River Basin, Thailand. The colorful lines present trends of precipitation and ETr during different
time periods.

The annual ETr over the Mun River Basin was significantly upward at a rate of about
112.6 mm decade−1 from 1971 to 2016 (p < 0.05; Figure 8B). The lowest (1283.8 mm) and
highest (2193.6 mm) ETr values were presented in 1978 and 1998, respectively. ETr across
the other three time periods all increased based on the linear regression using the Pettitt
test (Table 2). The annual ETr was 5% higher over 1987–2016 (1932.0 mm) and 1998–2016
(1974.0 mm) than the period of 1971 to 2016 on average (1826.2 mm; Table 2). We found
the ETr series over the Mun River Basin was sensitive to the start dates and the length
of records because the line trends of ETr consistently decreased in slope with the starting
year change.

Table 2. Mean and trends of ETr across different time periods over the Mun River Basin.

1971–2016 1978–2016 1987–2016

Mean (mm)
Trend (mm decade−1)
Trend (% decade−1)

1826.2
119.7

5.7

1872.3
112.6

7.4

1932.0
81.3
1.6
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Figure 9 shifts our attention to the spatial distribution of precipitation and ETr over the
Mun River Basin. As the annual variation in precipitation showed with periodic features,
we analyzed the spatial variation in precipitation from 1971 to 1993 and from 1994 to 2016
(Figure 9F,G). The precipitation amount decreased at 90% of the stations over the Mun
River Basin during the period of 1971 to 1993. On the contrary, the precipitation amount
showed increasing trends at 73% of the stations from 1994 to 2016.The more occurrence
of ENSO and fewer La Nina events started in the 1970s mostly explain the reduction in
precipitation [63,64]. In addition, the significant decreasing rainfall in September was
related to a weakening trend of westward-propagating tropical cyclones from the 1970s
to the late 1990s [65]. The precipitation days decreased at 80% of the stations (Figure 9D).
The precipitation days gradually increased from the upper reaches to the downstream area
in the rainy season over the Mun River Basin (Figure 9C). Over the downstream area, the
precipitation days were more than 90. Similar to the spatial variation in precipitation days,
the precipitation amounts also showed increasing variation from the upper reaches to the
downstream area (Figure 9E), and similar results were found by Zhao et al. [66]. Over the
Mun River Basin, it was the summer monsoon circulation that dominated precipitation.
Much stronger summer monsoon circulation could transport more moisture from the
Indian Ocean and Bay of Bengal and subsequently cause anomalously higher rainfall over
the northern-central-eastern region than that over the western upper region [67]. Based
on our results and previous evidence, the tempo-spatial variation in precipitation over the
Mun River Basin is influenced by the variation in atmospheric circulations and its own
climate and location. For ETr, it showed an increasing trend with a range from 1394.00 mm
to 2009.04 mm during 1971 to 2016 over the Mun River Basin. The high and low values of
ETr were distributed across the whole Mun River Basin. In addition, ETr showed larger
increased trends over upper reaches and downstream area than that over middle reaches
(Figure 9A,B).
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Figure 9. Spatial distribution of ETr, precipitation amount, and precipitation days during the period
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ETr, (B) trend of ETr, (C) average precipitation days, (D) trend of precipitation days, (E) average
precipitation amount, (F) trend of precipitation from 1971 to 1993, and (G) trend of precipitation from
1994 to 2016.
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The relationships between ETr, precipitation days, precipitation amount, drought
intensity, and drought frequency over the Mun River Basin from 1971 to 2016 were analyzed
(Table 3). Both precipitation amount and precipitation days were significantly negatively
correlated with drought intensity and drought frequency, respectively, over the Mun
River Basin. In particular, the negative correlation coefficient between precipitation days
and drought intensity was lower at −0.58, which suggested that the precipitation days
contributed more to drought intensity variation over the Mun River Basin (Table 3). On the
contrary, ETr exhibited a significant positive correlation with drought intensity and drought
frequency, and the correlation coefficients were 0.62 and 0.81, respectively (Table 3). The
influence of ETr on drought intensity and drought frequency was much more obvious than
that of precipitation days and precipitation amount according to the correlation coefficient
absolute value.

Table 3. Correlation between the precipitation amount, precipitation days, ETr, drought intensity,
and drought frequency over the Mun River Basin during the period of 1971 to 2016.

Precipitation Amount Precipitation Days ETr

Intensity
Frequency

−0.38 **
−0.48 **

−0.58 **
−0.42 **

0.62 **
0.81 **

** Significance at a level of 0.01.

The decreasing precipitation days in the rainy season and the increasing ETr signifi-
cantly influenced the occurrence of drought over the Mun River Basin from 1971 to 2016.
The impact of ETr on drought was positive, and the impacts of precipitation on drought
were negative, whereas the positive impacts were greater than the negative impacts. As
a result, the Mun River Basin went through an intensity drying climate pattern. The
precipitation amounts also contributed to drought occurrence, besides precipitation days
and ETr. The Mekong River Commission (MRC) once pointed out that monsoon rains
in Thailand were not only late frequently for 2 weeks than usual but also retreated early,
resulting in shorter precipitation days and less precipitation amount. Even more, the Mun
River Basin was dominated by a tropical monsoon climate within obvious dry and wet
seasons [40]. Over the dry season, the sunny and dry weather was caused by a large area of
downdraft and thus there was reduced convective activity. Both precipitation amount and
precipitation days were less over the wet season than over the dry season, which largely
explained the higher number of droughts during the dry season. In addition, some studies
have demonstrated that ENSO brought high sea surface temperature and thus led to the
drying condition worsening over the downstream area of the Mun River Basin [68].

5. Conclusions

The dryness and wetness patterns, drought condition, and the potential reasons be-
hind drought during the period of 1971 to 2016 over the Mun River Basin, Thailand, were
assessed and discussed in this study. We found that both SPEI_12M and SPEI_3M at all
meteorological stations showed decreasing trends, indicating a drying climate pattern over
the Mun River Basin during the study period. Compared to the upstream region, the down-
stream area suffered more intense, extreme droughts, and this might be connected with the
particular location of the downstream area, which is close to the coastal region and more ex-
posed to high sea surface temperature. Drought intensity presented a significant increasing
trend with obvious inter-decadal characteristics. Mild drought frequently occurred over
the Mun River Basin, and there were striking 32 mild drought events in 1998. The variation
in drought frequency and intensity had a significant positive correlation with precipitation
days and precipitation amount and were negatively correlated with ETr. According to the
correlation coefficients, Etr obviously accounted more for the intense drought condition.
The shortened precipitation days contributed more to drought condition variation than
the precipitation amount. We deemed that the worsening effects of ETr on the drought
condition concealed the retarding effects of precipitation days and precipitation amount
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on the drought condition, and that was the main reason that the drought condition was
intense over the Mun River Basin.

Due to the complex phenomenon and no universal definition of drought, the mech-
anism of the drought process is still not clear. With global warming and intense human
activities, the spatial differences in the soil moisture content and the variation in stream-
flow volume should be considered alongside by managers to identify various factors for
preventing drought or lessening its effects. This study provided a detailed and complete
insights into dryness and wetness patterns and drought monitoring over the Mun River
Basin, which is beneficial for drought detection and prevention and in turn conducive to
public health and economic development.
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