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Abstract: Assessment of satellite precipitation products’ capability for monitoring drought is
relatively new in tropical regions. The purpose of this paper is to evaluate the reliability of the Tropical
Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA) 3B43 product in
estimating the standardized precipitation index (SPI) in the Kelantan River Basin, Malaysia from 1998
to 2014, by comparing it with data from 42 rain gauges. Overall, the TMPA-3B43 performed well in the
monthly precipitation estimation, but performed moderately in the seasonal scale. Better performance
was found in the northeast monsoon (wet season) than in the southwest monsoon (dry season).
The product is more reliable in the northern and north-eastern regions (coastal zone) compared to
the central, southern and south-eastern regions (mountainous area). For drought assessment, the
correlations between the TMPA-3B43 and ground observations are moderate at various time-scales
(one to twelve months), with better performance at shorter time-scales. The TMPA-3B43 shows
similar temporal drought behavior by capturing most of the drought events at various time-scales,
except for the 2008–2009 drought. These findings show that the TMPA-3B43 is not suitable to be used
directly for SPI estimation in this basin. More bias correction and algorithm improvement work are
needed to improve the accuracy of the TMPA-3B43 in drought monitoring.
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1. Introduction

Drought is a temporary dry period ranging from months to years over a region, which could
affect the environment, economy and society. Almost every part of the world has experienced drought,
including the tropical regions [1]. These tropical regions are characterized by high annual precipitation,
but a strong seasonality in precipitation could lead to drought conditions [2]. In recent years, research
on tropical droughts has received substantial attention from researchers and policy makers due to
the awareness on climate change [3–6]. For instance, occurrences of the 2010 Amazon drought [7],
the 1997–1998 Malaysia drought [8], the 2015 Indonesia drought [9] and the 2012 Northeast Brazil
drought [10] have turned the tropical forest from a net carbon sink to a source, thus impacting local
communities and ecosystems.

Lack of precipitation is one of the main factors contributing to drought through a prolonged
deficient precipitation period. As recommended by the World Meteorological Organization (WMO),
the Standardized Precipitation Index (SPI) that requires only precipitation data as input has been
widely used due to its simplicity and flexible time-scale computation [11]. Hence, accurate long-term
precipitation data is fundamental in drought monitoring and analysis. Generally, the SPI is computed
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from rain gauge observations [12–15]. However, reliable ground-based precipitation measurements
are difficult to obtain in many regions because of the sparse and irregular distribution of rain
gauges. This situation is particularly acute in developing countries, with limited funds for rain
gauge installation and maintenance.

Satellite precipitation products (SPPs) with high spatial and temporal scales are regarded as an
alternative to ground-based precipitation information [16]. In addition, these products are open access
and available in different time-steps (e.g., monthly, daily and hourly). They play an important role
in national, regional and global precipitation monitoring as they are without data void problems in
areas for which there are no ground-based observations. However, SPPs are affected by systematic and
random error, missing seasonal variation and are inconsistent in drought events estimation [17,18].
Nevertheless, the SPPs’ reliability in measuring precipitation is different from place to place due to
retrieval algorithms, climate and topography conditions. Hence, many studies have been conducted
to validate the SPPs in precipitation estimation with ground-based observations [19–21]. The SPPs’
sensor and algorithm developers could understand these errors for developing better products in
the future.

Tropical Rainfall Measuring Mission (TRMM) Multisatellite Precipitation Analysis (TMPA) products
are among the popular SPPs that are widely used in hydro-climatic applications, e.g., flood forecasting,
drought monitoring and hydrological modeling. The TRMM products are beneficial with moderate
time-period (1998 to present), near-global coverage, high spatial (0.25 ◦C) and temporal (up to 3-hourly)
resolution. Tao et al. [22] and de Jesus et al. [23] evaluated the reliability of the TRMM products in
monitoring drought using SPI over the Jiangsu Province in China and in Mexico, respectively. Similar
studies have also been conducted at basin-scale such as the Poyang Lake Basin [24] and the Lancang
River Basin [25] in China and the Lake Chad Basin [26] in Africa. These studies concluded that
TRMM products at monthly scale are quite suitable to monitor meteorological drought. However,
there is relatively little performance evaluation of TRMM products for drought monitoring in tropical
regions [27–29], particularly in Southeast Asia.

The aim of this study is to evaluate the reliability of the TMPA-3B43 product for drought
monitoring in the Kelantan River Basin (KRB), Malaysia. The basin is selected as it is a typical
tropical basin, but several major droughts have, nevertheless, occurred due to the El Niño effect.
This study attempts to answer the question, is the TMPA-3B43 reliable to monitor tropical droughts?
The main specific objectives are (1) to validate the TMPA-3B43 monthly and seasonal precipitation with
ground-based observations from 1998 to 2014; (2) to compare the TRMM-based SPI and ground-based
SPI; and (3) to analyze the drought patterns that occurred in the KRB during 2014. The findings will
provide valuable information of the TMPA-3B43 in monitoring tropical drought to the TRMM users,
producers and algorithm developers. This study presents the first attempt to evaluate the capability
of TRMM product in measuring SPI in this tropical basin. Besides that, this study can also act as a
reference to develop a cost-effective drought monitoring system in tropical regions.

2. Study Area

The KRB is situated in the north-eastern Peninsular Malaysia between 4◦~6◦ N and 101◦~103◦ E
(Figure 1). The catchment area of the KRB is about 12,000 km2, which is equivalent to 85% of the
Kelantan Province. The basin is dominated by forests (76%), followed by rubber plantation (11%), oil
palm plantation (11%) and other land-uses (2%) in 2008, based on the Ministry of Agriculture and
Agro-based Industry Malaysia. Elevations within the KRB range from 8 to 2174 m [30], with mountains
in the western and south-western regions of the basin. The KRB has a tropical climate, with
abundant precipitation throughout the year, ranging from about 2000 to 4000 mm/year (based on
annual mean precipitation from 42 rain gauges). The basin receives heavy precipitation during the
northeast monsoon (NEM) in November to January, while the southwest monsoon (SWM) brings less
precipitation between May and August. The total population of the KRB is about 1.8 million in 2016.
Several major drought events occurred in 1997, 1998, 2002, 2003, 2005, 2006, 2007, 2009 and 2010 [31,32].
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These adverse events have urged the development of better drought analysis and monitoring systems
to reduce the impacts of drought.
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Figure 1. (a) Kelantan River Basin, (b) Peninsular Malaysia and (c) monthly mean precipitation from
1998 to 2014.

3. Materials and Methods

3.1. Precipitation Data

The TRMM mission is a collaboration between the Japan Aerospace Exploration Agency (JAXA)
and the National Aeronautics and Space Administration (NASA) to monitor precipitation in tropical
and sub-tropical regions. The latest TRMM TMPA version 7 contains three precipitation products
at different temporal resolutions, including 3B42RT (3-hourly), 3B42 (daily), and 3B43 (monthly).
Precipitation information of these products is available from 1998 to present, with a spatial resolution
of 0.25◦ × 0.25◦ that covers a latitude from 50◦S to 50◦N. The TRMM 3B42 and 3B43 products are
more accurate products than real time products (3B42RT) as they were corrected using the Global
Precipitation Climatology Centre (GPCC) gauge-based gridded monthly precipitation prior to public
release. Malaysia only contributed 37 rain gauges covering both Peninsular Malaysia and East
Malaysia for the GPCC product development [33]. Therefore, many rain gauges are excluded from the
TMPA-3B43 bias correction, justifying the independent validation in this study. More details about
TMPA algorithms are given by Huffman et al. [34]. All TRMM products are freely available from
Goddard Earth Sciences Data and Information Services Center at [35]. In the present work, the monthly
precipitation TRMM images from 1998 to 2014 were used. There are 36 grid points covering the KRB
as shown in Figure 1 and Supplementary Table S1. The precipitation rates (mm/h) were converted
into monthly precipitation amounts by multiplying total hours in that month (e.g., multiply by 744
for January).

The historical daily precipitation data (1998–2014) of 42 rain gauges were obtained from the
Malaysian Meteorological Department (MMD) and Department of Irrigation and Drainage Malaysia
(DID) (Figure 1 and Supplementary Table S2). The daily precipitation values for both MMD and DID
were taken at 00:00 Universal Time Coordinated (UTC) (8 a.m. local time). These rain gauges were
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selected due to their low quantity of missing data (less than 10%). The missing values were filled with
the precipitation values from the nearest stations. Then, the daily precipitation was aggregated into a
monthly scale for better comparison.

3.2. Standardized Precipitation Index

SPI is a quantitative measure of drought level by assimilating precipitation into a single
number, and is more useful in drought monitoring. It is developed by Mckee et al. [11] based
on the goodness-of-fit of the observed precipitation to a probability distribution such as the Gamma
probability density function or Pearson type III. It can be computed at different time-scales from 1 to
24 months. In this study, the comparison was focused on SPI-1, SPI-3, SPI-6 and SPI-12, corresponding
to the past 1, 3, 6 and 12 months of total precipitation, respectively. Generally, the values of SPI vary
from 3 to −3 with positive values showing wet conditions and negative values showing dry conditions.
The dryness and wetness conditions are then divided into seven classes as listed in Table 1. The SPI
program is freely available from the National Drought Mitigation Center at [36].

Table 1. Standardized Precipitation Index (SPI) categories.

Class SPI Value

extremely wet SPI ≥ 2
severely wet 1.5 ≤ SPI < 2

moderately wet 1 ≤ SPI < 1.5
near-normal −1 < SPI < 1

moderately dry −1.5 < SPI ≤ −1
severely dry −2 < SPI ≤ −1.5

extremely dry ≤−2

3.3. Validation Process

The accuracy of the TMPA-3B43 was validated at monthly and seasonal time-scales by comparing
with 42 rain gauges that were well distributed over the basin. The comparisons between the TMPA-3B43
and rain gauge data were carried out by a point-to-pixel approach [16,37–39]. This approach is selected
to avoid any additional errors and uncertainties during the interpolation process from rain gauges.
Hence, only the pixels that contain at least one rain gauge were considered.

The overall assessment performance of the TMPA-3B43 was evaluated by pooling all the
precipitation values from the 42 rain gauges for the period of 1998–2014, and then comparing with their
respective grid points [40,41]. For seasonal analysis, the precipitation was divided into four seasons,
which are December to February (DJF), March to May (MAM), June to August (JJA) and September to
November (SON) [42]. This resulted in 8568 monthly totals and 714 seasonal totals (for four seasons)
over the 42 rain gauges for the 17 years study period.

3.4. Statistical Analysis

A series of popular statistical metrics such as root mean square error (RMSE), Pearson linear
correlation coefficient (R) and relative bias (Bias) are used in this study as listed in Table 2 [22,39,43,44].
The RMSE measures the magnitude of the difference between two variables (e.g., observed precipitation
and TMPA-3B43 precipitation). The R is widely applied to evaluate how well the two variables agree,
with the values ranging from −1 to 1. A strong positive linear correlation is found, if the R value is
close to 1 and vice-versa. The systematic bias of the TMPA-3B43 in percentage (%) was evaluated using
the bias algorithm. A good performance should be characterized by low RMSE and bias, and high
R values.
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Table 2. Statistical metrics (T = TMPA-3B43; O = Observed value).

Methods/Unit Equation

Root Mean Square Error (RMSE)/mm RMSE =

√
1
n

n
∑

i=1
(Ti − Oi)

2

Pearson Linear Correlation Coefficient (R) R =

n
∑

i=1
(Oi−O)(Ti−T)√

n
∑

i=1
(Oi−O)

2
.

√
n
∑

i=1
(Ti−T)

2

Relative Bias (Bias)/% Bias =

n
∑

i=1
(Ti−Oi)

n
∑

i=1
Oi

(100)

4. Results and Discussion

4.1. Overall Assessment

The monthly mean precipitation in the KRB for the period 1998–2014 based on the observations is
shown in Figure 1c. Basically, the TMPA-3B43 showed good performance in monthly precipitation
estimation, with R and RMSE of 0.75 and 132.41 mm/month, respectively (Figure 2a). The product
slightly overestimated monthly precipitation by 4.28%. For seasonal scale, the best performance was
found in DJF, followed by MAM, SON and JJA, with R values ranging from 0.38 to 0.69 (Figure 2).
Besides, the TMPA-3B43 slightly overestimated seasonal precipitation by 3.02%–8.46%, with the MAM
showing the largest overestimation.
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Figure 2. Scatter plots of (a) monthly; (b) December to February; (c) March to May; (d) June to August;
and (e) September to November seasonal precipitation derived from the TMPA-3B43 and observations
in the Kelantan River Basin between 1998 and 2014.

Overall, the TMPA-3B43 showed better performance for the wet season (e.g., DJF) compared to
the dry season (e.g., JJA), which is similar to the findings of Tan et al. [16] and Mahmud et al. [45]
that validated TRMM products over Malaysia. This is mainly because the TRMM sensors having
better detection capability on a heavy precipitation cloud system which dominates during the NEM.
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By contrast, the poor performance of the TMPA-3B43 in the dry season could be attributed to poor
detection capability in light precipitation (less than 3 mm/day) [46]. Larger RMSE values were found
during the wet season (e.g., SON and DJF) because of the scaling up effect of the precipitation rate
from an hourly to monthly scale.

The findings are consistent with other studies that found overestimation of TRMM products
in the estimation of total precipitation amount [47,48]. The bias-corrected TMPA-3B43 product is
generated using multiple satellite images and algorithms, as well as the GPCC product. However, the
performance of the product is affected by the errors in the satellite sampling technique, precipitation
retrieval methods and bias correction algorithms used in the GPCC product development [49].
Therefore, further improvements of the mentioned errors should be conducted in this region,
to improve the accuracy of the TMPA-3B43 in monthly and seasonal precipitation estimation.

4.2. Spatial Assessment

To further test the research question, the 42 rain gauges with full-time series data from 1998 to
2014 were compared with the TMPA-3B43 individually. Three statistical metrics at monthly scale were
used for this spatial analysis (Figure 3). Generally, the TMPA-3B43 had good correlation with the
rain gauges located in the northern region, nearer to the coast. By contrast, moderate correlation was
found over the mountainous regions in the southwestern part of the basin. The TMPA-3B43 spatial
specific-region performance could be due to the fact that spatial resolution (0.25◦) is less sensitive to
local-scale precipitation events. This is because small-scale and short temporal variation of convective
clouds are difficult to detect by the TRMM sensors. In addition, the difficulty of the TRMM sensor
algorithms in identifying different cloud types would cause miscalculation of the rain rate [50].
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error (RMSE) of monthly precipitation between 3B43 and 42 rain gauges over the Kelantan River Basin.

The spatial distributions of R at different seasonal scale over the KRB are presented in Figure 4.
The R between rain gauges and TMPA-3B43 has a distinct geographical pattern for the four seasons,
i.e., low R values were found in the south-eastern region for the JJA, and the south-western region
for SON. Interestingly, high R values were generally found in rain gauges that are near to the coastal
zone (northern and north-eastern). These regions received higher precipitation amounts due to the
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NEM [16], indicating that TRMM products have better performance in high precipitation regions.
While, lower R values were generally found in central, southern and south-eastern regions, which
are characterized with mountainous topography (Figures 1a and 4). This is caused by the incorrect
differentiation between non-raining and raining cloud of the thermal infrared over relatively warm
cloud that dominates at the high elevation region [51,52]. Besides, differences in the precipitation
measurement techniques could also be a cause. For instance, the rain gauge measures precipitation
at ground level, while TMPA-3B43 sensors estimate precipitation in the atmosphere. Therefore,
the TMPA-3B43 has less accuracy in complex topography regions.
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4.3. SPI Validation

Average SPI temporal variability of the TMPA-3B43 and observations at different time-scales over
the KRB is illustrated in Figure 5. Similarly, the overall accuracy of the SPI was evaluated using the
point-to-pixel method as mentioned in Section 3.3. The SPI time-series between the TMPA-3B43 and
observations have moderate correlation for the evaluated time-scales, with the best R value at SPI-1
(R = 0.51). Basically, shorter SPI time-scales are poor in describing drought occurrence clearly, but can
accurately capture the cyclical behavior of the precipitation regime. By contrast, larger time-scales
of SPI values (e.g., SPI-12) are more useful in separating the persistent dry and wet periods [23],
indicating that the TMPA-3B43 can potentially be used for shorter drought analysis in this region.

The most likely cause of the moderate accuracy of SPI calculations in this study is the impact
of precipitation length records on the SPI calculation [53]. This is mainly due to the instability in
parameters calculation at shorter time-scales. Ideally, a data period of 30 years is required for SPI
calculations, however, this study only evaluated 17 years as the TMPA-3B43 data is only available
from 1998 onwards. Another possible explanation for these results may be the lack of adequate rain
gauges in the TMPA-3B43 bias correction. After checking the number of stations per grid in the GPCC
Full Data Reanalysis product for the period of 1998–2013 [54,55], we found that there are four grids
covering the KRB. One rain gauge is located in the northeastern grid, while another three rain gauges
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are located in the southwestern grid. There are no rain gauges in the northwestern and southeastern
regions of the basin for the bias correction. Therefore, re-bias correction of the TMPA-3B43 with more
rain gauges should be conducted to improve the SPI estimations in this region.

Based on the SPI-3, the extreme drought events (SPI ≤−2) were clearly detected in 1998, 2004, 2006
and 2012 by the TMPA-3B43 and observations (Figure 5b). Nevertheless, some mismatched in-drought
categories were also identified. For instance, the TMPA-3B43 defined the year 2000 as an extreme
drought event, while observations only classified it as a severely dry condition. The most striking
result to emerge from Figure 5 is that the SPI agrees well in dryness/wetness between conditions in
the TMPA-3B43 and observations in the KRB, except for the 2008–2009 period. A possible explanation
for this is the scaling footprint problem between a mesoscale gridded product and a rain gauge, which
could lead to poor agreement in precipitation quantitative estimation. These results agree with the
validation study for TRMM products reported by Tan et al. [16], which showed that satellite products
tend to underestimate heavy precipitation amount and to overestimate moderate precipitation amount.
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The spatial distribution of R values in SPI estimations for four different time-scales between the
TMPA-3B43 and rain gauges is displayed in Figure 6. The R values are low in the central, southern
and south-eastern regions, while a better agreement was found in the north and north-eastern regions.
The results show that the TMPA-3B43 is less reliable in low land area between high mountainous and
coastal regions. A possible explanation for these results might be that the heavy precipitation brought
by the SWM is drastically decreased by the Titiwangsa range and Sumatra mainland. Therefore, the
TMPA-3B43 has difficulty in estimating SPI in the central and southern KRB. As shown in Figure 6,
the higher the SPI time-scale, the less stations show good correlation, indicating that the TMPA-3B43
performed better on a shorter SPI time-scale. This finding is similar to that of Tao et al. [22] who
found that the TMPA-3B43 had poorer performance with increases of SPI time-scales over the Jiangsu
Province, China. This could be due to large RMSE values in longer time-scales, e.g., the seasonal scale
RMSE value is greater than the monthly scale (Figure 2).
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Figure 6. Pearson linear correlation coefficient (R) between SPI of the TMPA-3B43 and rain gauges at
time-scales of (a) one-month; (b) three-month; (c) six-month and (d) twelve-month in the Kelantan
River Basin.

Different time-scales of SPI in the KRB measured by the TMPA-3B43 and observations are
displayed in Figure 7. Besides the occurrence of major drought events, their duration and magnitude
can also be clearly identified in Figure 7. Six major meteorological drought periods were identified
by both the TMPA-3B43 and observations, which were 1998, 2002–2003, 2004–2005, 2007, 2010 and
2013–2014. The drought events found in the TMPA-3B43 are more intense compared to the observations.
This is mainly because the TMPA-3B43 tends to overestimate the total monthly precipitation amount
over the KRB as shown in Figure 2. Figure 8 shows that much more severely dry and extreme drought
events were found at shorter time-scales of SPI, with a decrease in the number of drought events
detected after the SPI-6. These results are consistent with Zhao et al. [56], who reported similar findings
in the Xiang Jiang River Basin, China. Besides, the TMPA-3B43 detected the same number of drought
events as observations at SPI-3 and SPI-6, 17 and 15 drought events, respectively. This finding suggests
that the TMPA-3B43 can be useful to detect drought frequency for the 3-month and 6-month SPI
time-scales in the KRB.
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4.4. The Drought 2014

A prolonged dry spell occurred in Malaysia in 2014, particularly in the KRB. As shown in Figure 9,
monthly drought patterns for the SPI-1 during 2014 indicate that the KRB experienced severely dry
to extreme drought conditions in the first four months of the year. The extreme drought is mainly
distributed in the northern, eastern and north-eastern regions nearer to the coast, particularly in
February and March 2014. This event caused very low water levels in several rivers of the basin,
impacting the local population. For example, more than 8000 paddy farmers in Kelantan were affected,
with estimated total losses of about USD$22 million. In addition, the drought event also affected
human health, as the number of dengue fever death cases was three times greater in 2014 than 2013.
This is due to the drought situation, which accelerated the life cycle of the Aedes mosquito that
transmits the dengue virus to humans.

Drought conditions were reduced from May to November 2014. It can be observed from
Figure 9 that drought reduced from extreme severity in February–April to normal climate condition in
May–November, with some drought affected regions in the north-eastern region in September. Spatial
heterogeneity of the SPI across the KRB was observed in September 2014, where the north-eastern
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region experienced negative anomalies of precipitation, while the south-eastern region had negative
values. The month of December 2014 showed extremely wet conditions, resulting in one of the worst
flood events in the recent history of Malaysia. Generally, extreme wet conditions were found in the
central and northern regions of the basin. More than 230,000 people were evacuated during this flood
event, with total damage of about USD$560 million and the death of at least 23 people [16].
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Figure 9. Drought monitoring based on the TMPA-3B43 one-month Standardized Precipitation Index
(SPI) for (a) January; (b) February; (c) March; (d) April; (e) May; (f) June; (g) July; (h) August;
(i) September; (j) October; (k) November; and (l) December in 2014 in the Kelantan River Basin.
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5. Conclusions

The availability of satellite precipitation products (SPPs) offers an alternative source for drought
monitoring at global, high spatial and temporal scales. This study assesses the reliability of the
TMPA-3B43 product in estimating meteorological drought in the Kelantan River Basin (KRB) from
1998 to 2014. The results are validated with ground observations collected from 42 rain gauges.
The standardized precipitation index (SPI) from different time-scales (one to twelve months) was used
to evaluate drought conditions in monthly and seasonal scales. The main findings of this study are
summarized as follows:

(1) The TMPA-3B43 performed well in estimating monthly precipitation over the KRB, with slight
overestimations in total precipitation amount. Overall, the TMPA-3B43 showed better estimation
during the northeast monsoon (wet season) compared to the southwest monsoon (dry season).

(2) A distinct spatial pattern can be found for the R and bias in monthly and seasonal precipitation
assessment. Better correlation between the TMPA-3B43 and ground-based observations can be
observed in the northern and north-eastern parts of the basin. Larger bias was found in central,
southern and south-eastern regions which are characterized by high topography.

(3) The reliability of the TMPA-3B43 in SPI measurement decreases with longer time-scales
(e.g., twelve months), showing that the product is more suitable to assess short-term
meteorological droughts in Malaysia. Moreover, the drought events measured by the TMPA-3B43
are more intense than the observations one.

(4) More severe drought events were found at shorter SPI time-scales (e.g., SPI-1). The TMPA-3B43
matched well in identifying most of the drought events in the KRB at various time-scales, except
for the 2008–2009 period. However, the same number of drought events was observed at the
SPI-3 and SPI-6 time-scales.

In general, the TMPA-3B43 is capable of monitoring the temporal variation of the drought
conditions in tropical regions, but the accuracy of the drought intensity estimation is still insufficient.
This product has potential to be used for other hydro-climatic related applications such as hydrological
modelling [57]. Further work is needed to validate the performance of TRMM products in other
extreme precipitation indices that are recommended by the Expert Team on Climate Change Detection
and Indices (ETCCDI) [58]. Moreover, future research could explore the improvement of drought
monitoring by SPPs, such as new satellite retrieval algorithms, new satellite-based drought index,
and re-calibration with ground-based observations.
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