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Abstract
The climatological means and surface air temperature (SAT) trends of the Indochina Peninsula (ICP) are being analyzed on a
yearly and seasonal basis using a newly published observation dataset (SA-OBS). The SAT for the period 1981 to 2010 shows a
north-south gradient over the ICP, with the highest mean annual temperature in the central plain and the lowest in the northern
mountain region. In addition, over the past 30 years, the ICP has been undergoing a significant warming trend of 0.37 °C/decade.
The seasonal mean SAT fluctuations are significant in the dry seasons compared to the wet seasons, with a rapid increase in JFM
(January to March) and OND (October to December). Further, comparisons are made using SA-OBS and the other observation
(CRU, GHCN_CAMS, DEL) or reanalysis (ERA-20C, CERA-20C, ERA-Interim, JRA-55) datasets. The result shows (i) that the
SA-OBS dataset can capture the spatial distributions and temporal patterns reasonably well throughout the ICP on annual and
seasonal scales. (ii) CERA-20C is very similar to SA-OBS in replicating the annual mean SAT over the ICP, suggesting that the
ECMWF’s coupled data assimilation system (CERA) could obviously improve the temperature estimates in that region. (iii) That
significant differences, however, still exist between observations and reanalyses in annual and seasonal trends. These discrepancies
need to be taken into account to study climate change and variability or to assess regional climate models with focus on the ICP.

1 Introduction
Regional climate changes have received significant attention
over the past few decades. According to the Intergovernmental
Panel on Climate Change (IPCC) Fifth Assessment Report
(AR5), the global mean surface temperature has risen by 0.85
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(± 0.2) °C between 1880 and 2012 (IPCC 2013). In the context
of global warming, the higher mean surface air temperature
(SAT) will unequivocally increase the occurrence of high temperature extremes and may decrease those of low temperature
extremes. A large number of studies have focused on analysis
of fluctuations of global mean SAT in the last 20 years. These
results confirm that a widespread increasing trend in SAT has
occurred in most regions of the world during the twentieth
century but the warming rate is spatially and temporally nonuniform (Easterling et al. 2000; Wu et al. 2007, 2011;
Easterling and Wehner 2009; IPCC 2013; Ji et al. 2014). On
regional scales, the warming is faster over the mountainous
areas than over low-elevation areas at the same latitude
(Pepin and Lundquist 2008; Rangwala and Miller 2012; Cai
et al. 2017). In the tropical regions, the warming will increase
atmospheric water vapor content proportionally which leads to
enhanced precipitation over the wet regions (Vecchi et al.
2006; Held and Soden 2006; Chou et al. 2009).
The Indochina Peninsula (ICP) is generally considered to
be a representative monsoon region that experiences a rainy
season from May to September and a dry season from October
to the next April. However, high coastal population density
together with a complex distribution of terrain results in the

F. Ge et al.

local economy and agriculture being highly vulnerable to climate change. SAT varies in both space and time and with a
pronounced increase in the Asia-Pacific region (Griffiths et al.
2005; Alexander et al. 2006, 2009). In the past decades, many
studies have considerably improved the understanding of temperature and precipitation variations over Southeast Asia
(Meehl 1987; Lau and Yang 1997; Wang and Fan 1999;
Chen and Yoon 2000; Wu and Wang 2000; Takahashi and
Yasunari 2006; Hsu et al. 2014; Ge et al. 2017). Based on
the observations from six countries in this region, a brief summary of trends in extreme events has been provided by
Manton et al. (2001). One decade later, Caesar et al. (2011)
analyzed a set of daily temperature and precipitation observations over Southeast Asia. These results suggest that the interannual variability of temperature extremes may relate to local
sea surface temperatures (SSTs) as the peaks in the frequency
of warm extremes are consistent with the El Niño episodes.
Nguyen et al. (2014) further investigate the relationship between El Niño–Southern Oscillation (ENSO) and temperature
variability over Vietnam from 1971 to 2010, indicating this
relationship is stronger in lower latitudes and in winter. With
the improvement of long-term data collections and measurements, different kinds of meteorological datasets such as satellite products, gauge stations, and reanalysis data are interpolated to a regular grid. Consequently, the gridded datasets have
been widely used in ICP-related weather and climate research
because of their spatial and temporal continuity (Takahashi
and Yasunari 2006; Takahashi et al. 2015; Villafuerte and
Matsumoto 2015). Different researchers concentrate on different regions (some cover a larger Asia–Pacific region including
the ICP, others focus only on individual countries) and the
lack of high precision observation and reanalysis data demonstrate remarkable spatial inconsistency of the results.
Additionally, observations are irregularly spaced in many regions of ICP because of low station densities. Lately, a highresolution gridded dataset (SA-OBS) for the Southeast Asian
region has been released by Southeast Asian Climate
Assessment and Dataset (SACA&D). This dataset includes
several meteorological variables, such as daily mean temperature, daily maximum temperature, daily minimum temperature, and daily precipitation amount for the period 1981–2014.
Only the stations blended series are further analyzed in
SACA&D and used for gridding. The blending details could
be found in the BAlgorithm Theoretical Basis Document^
from http://saca-bmkg.knmi.nl/rcc/documents/atbd.pdf.
Meanwhile, to minimize the impact of some regions with a
low station density (e.g., Northern mountainous area,
Cambodia, and Laos), SA-OBS has been subjected to a
three-step method for interpolating the temperature data
(Haylock et al. 2008). Further, the comparisons between SAOBS and APHRODITE and CRU show good agreement in
surface mean temperature over the Southeast Asia during
1981–2007. The results also indicate that SA-OBS is currently

the best available daily gridded observational dataset for this
region (van den Besselaar et al. 2017). Therefore, it is necessary to apply this gridded dataset in investigating the recent
climatology, variability, and trends over the ICP.
In our study, SAT means and trends are presented with
particular emphasis on annual and seasonal scales over the
ICP by using the new observation gridded dataset, SA-OBS.
Furthermore, we also depict the similarities and differences
with a comparison of gridded observations and reanalysis
datasets. The remainder of this paper is organized as follows:
datasets and methods of analysis are presented in Section 2. In
Section 3, we introduce the SAT means and trends on annual
and seasonal scales over the ICP. The preliminary comparisons between SA-OBS and the other datasets are also examined. Finally, conclusions and summaries are provided in
Section 4.

2 Data and methods of analysis
2.1 Datasets
Four observational datasets and four reanalysis datasets from
the period of 1981 to 2010 are used to investigate the temporal
and spatial features of mean SAT covering the region from 6°–
23° N and 95°–110° E (Table 1). The spatial resolution of the
selected datasets is 0.5° × 0.5°. The main characteristics of
these datasets are described in the following subsections.
2.1.1 SA-OBS
A new high-resolution (land-only) observation gridded
dataset is provided by the Southeast Asian Climate
Assessment and Dataset (SACA&D), called SA-OBS. This
dataset is derived from existing observational products in
terms of the number of contributing stations for precipitation
and temperature covering Southeast Asia with a resolution of
0.25° × 0.25° and 0.5° × 0.5° from 1981 to 2014 (van den
Besselaar et al. 2017). The distribution of selected stations
over the ICP is provided in Fig. 1, while the geographic information is shown in Table 2. In this study, the monthly mean
SAT is derived from the daily maximum and minimum temperature which is calculated as Tmean = (Tmax + Tmin)/2; see the
BAlgorithm Theoretical Basis Document^ (ATBD) for details
(http://saca-bmkg.knmi.nl/rcc/documents/atbd.pdf).
2.1.2 CRU TS 4.00
The high-resolution surface temperature dataset from CRU
TS4.00 is provided by the Climatic Research Unit (CRU)
for 1901 to 2014. This dataset is derived from monthly observations at meteorological stations and provided for land areas
only (Mitchell and Jones 2005; Harris et al. 2014). The
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Table 1 Summary of the datasets
used in this study

Name

Organization

Spatial resolution

Temporal resolution

References

SA-OBS

SACA&D

0.5° × 0.5°

1981–2010

Van den Besselaar et al. 2017

CRU TS 4.00

CRU

0.5° × 0.5°

1981–2010

Harris et al. 2014

GHCN_CAMS

CPC

0.5° × 0.5°

1981–2010

Fan and van den Dool 2008

DEL
ERA-20C

UDEL
ECWMF

0.5° × 0.5°
0.5° × 0.5°

1981–2010
1981–2010

Willmott and Matsuura 1995
Poli et al. 2016

CERA-20C

ECWMF

0.5° × 0.5°

1981–2010

Laloyaux et al. 2016

ERA-Interim

ECWMF

0.5° × 0.5°

1981–2010

Dee et al. 2011

JRA-55

JMA

0.5° × 0.5°

1981–2010

Kobayashi et al. 2015

climate anomaly method has been used to construct monthly
grids where the anomaly time series for each station are calculated deviating from the 1961 to 1990 mean (Peterson et al.
1998; Tanarhte et al. 2012). Then, the high-resolution-gridded
value is derived by adding the anomalies to the well-observed
climatology mean from 1961 to 1990. This dataset has been
widely used to compare and evaluate the regional and global
climate model simulations.
2.1.3 GHCN_CAMS
The GHCN_CAMS temperature dataset is also a highresolution product developed at the Climate Prediction
Center, National Centers for Environmental Prediction
(NCEP) for the period from 1948 to present and uses a combination of two large individual data sets of station observations from Global Historical Climatology Network version 2
(GHCN-v2) and the Climate Anomaly Monitoring System
(CAMS). The Cressman objective analysis is used to constructing the gridded 30-year monthly mean based on the period from 1961 to 1990. Then the anomaly interpolation approach is applied to yield full monthly values (Cressman
1959). Finally, for topographic adjustment, a spatially and
temporally varying temperature lapse rate derived from the
observation-based reanalysis has been applied (Fan and van
den Dool 2008).

interpolation (CAI) (Willmott and Robeson 1995), were
employed to construct the monthly averaged gridded fields.

2.1.5 ERA-20C
The monthly mean SAT in ERA-20C reanalysis is obtained
from the European Centre for Medium-Range Weather
Forecasts (ECMWF) for 1900 to 2010. The full set of ERA20C data products include a model-only simulation (ERA20CM) and a 25 km global land surface product (ERA20CL). This data set is ECMWF’s first atmospheric reanalysis
of the twentieth century based on a restricted set of observations and other input data for the model specifically prepared
for climate applications (Dee et al. 2014; Hersbach et al. 2015;
Poli et al. 2016).

2.1.4 UDEL
The University of Delaware (UDEL) dataset is a high-resolution, monthly climatology and land-only dataset of surface temperature from 1901 to 2014. The station data, monthly mean air
temperature are derived from several updated data sources including GHCN-v2, the Global Synoptic Climatology Network
via the National Climatic Data Center (NCDC), the Global
Summary of the Day (GSOD), and the archive of Legates and
Willmott (1990). A combination of spatial interpolation
methods, such as digital-elevation-model (DEM)-assisted interpolation (Willmott and Matsuura 1995), traditional interpolation (Willmott et al. 1985), and climatologically aided

Fig. 1 The topography of the ICP (available from http://ferret.pmel.noaa.
gov) and the spatial distribution of the stations
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2.1.6 CERA-20C
Recently, based on a current version of coupled oceanatmosphere model, the twentieth century Coupled ECMWF
Reanalysis (CERA-20C) dataset has been released by
ECMWF (Laloyaux et al. 2016; Hersbach et al. 2017). This
reanalysis data product covers the period 1901 to 2010, with
ten ensemble members at 3-h resolution. It is necessary to
evaluate the performance of CERA-20C and compare to the
other datasets, which is useful to improve climate reanalysis.
2.1.7 ERA-Interim
ERA-Interim is a global atmospheric reanalysis produced by
ECMWF covering the period from 1979 to present. The ERAInterim project was initiated in 2006 which aimed to serve as a
bridge between the previous successfully ERA-40 reanalysis,
and the future generation extended reanalysis conceived at
ECMWF (Berrisford et al. 2009). The ERA-Interim near-surface temperature is generated by the four-dimensional variational analysis (4D-Var) with a 12-h analysis window (Dee
et al. 2011). Previous comparisons have shown that the
ERA-Interim data sets are generally good at replicating
monthly variability and trends in surface temperature
(Simmons et al. 2010; Jones et al. 2012; Cornes and Jones
2013).
2.1.8 JRA-55
The JRA-55 reanalysis dataset is produced by the Japan
Meteorological Agency (JMA) covering the period from
1958 to present. It has been developed by the TL319 version
of JMA’s operational data assimilation system which incorporated many improvements, such as increased resolution, revised radiation and advection schemes, and 4D-Var with variational bias correction for satellite radiances (Kobayashi et al.
2015; Harada et al. 2016). Compared with its predecessor
JRA-25, JRA-55 has considerably improved in temporal consistency of temperature analysis.

2.2 Methodology
Climatological trends are detected and estimated for the
monthly and the seasonal values by using the Mann-Kendall
test (Mann 1945; Kendall 1975) and Sen’s slope estimates
(Sen 1968).
The Mann-Kendall test is a non-parametric test without
considering whether the trend is linear or non-linear. The statistic S is calculated as follows:
n−1 n


S ¼ ∑ ∑ sgn x j −xi
i¼1 j¼iþ1

9
8
< þ1; if x j −xi > 0 =
sgn x j −xi ¼ 0; if x j −xi ¼ 0
;
:
−1; if x j −xi < 0


ð1Þ



ð2Þ

The statistics of variance is computed as follows:
m

nðn−1Þð2n þ 5Þ− ∑ t i ðt i −1Þð2t i þ 5Þ
i¼1

VarðS Þ ¼
8
S−1
>
>
> pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ; if
>
< VARðS Þ
if
Z s ¼ 0;
>
>
S−1
>
>
: pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ ; if
VARðS Þ

18
9
>
S>0>
>
>
=
S¼0
>
>
>
S < 0>
;

ð3Þ

ð4Þ

The Zs follows the standard normal distribution, when |Zs| >
Z1 − α/2, where α donates significance levels, then the null hypothesis is rejected and the trend is significant. A positive value
of Zs indicates an increasing trend and a negative value shows a
decreasing trend. In this study, all statistical significance tests
are determined at the 99 and 95% confidence level.
With a linear trend in a time series, its magnitude is estimated using a simple non-parametric procedure developed by
Sen (1968). This method does not require that the residuals
about the fitted line to be normally distributed, implying that
outliers are less taken into account.
Measurements at a specified location are obtained at n
points in time t1, t2, ⋯tn. Computing the N = n(n − 1)/2 slope
estimates
Qi ¼

x j −xk
for i ¼ 1; …; N
tj−tk

ð5Þ

for all j > k and k = 1, 2, ⋯, (n − 1) and j = 2, 3, ⋯, n, where xj
and xk are the measurements at the corresponding times tj and
tk, respectively.
The median of N values of Qi is the slope, given as follows:
8
if N is odd
< Q½ðN þ1Þ=2;
ð6Þ
Qmed ¼ Q½N =2 þ Q½ðNþ2Þ=2
:
; if N is even
2
The Mann-Kendall test and Sen’s slope estimator have
been widely used to quantify the trends in hydrometeorological time series such as temperature, precipitation,
water vapor, and stream flow (Yue and Hashino 2003;
Modarres and Silva 2007; Tabari and Talaee 2011; Tao et al.
2011; You et al. 2013, 2015; Zhu et al. 2016).
Commonly, the four seasons in the Northern Hemisphere
are defined as spring (March–May), summer (June–August),
autumn (September–November), and winter (December–
February), respectively (vice versa for the Southern
Hemisphere). However, for the ICP, we note from Fig. 2 that
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Table 2

Geographic characteristics of the 37 stations used in the study

Station name

Lat

Lon

Elev (m)

1. Bangkok

100.5°

13.8°

20

2. Can Tho

105.8°

10.0°

3

3. Chiang Rai
4. Da Lat

99.8°
108.5°

19.9°
12.0°

395
1513

5. Da Nang
6. Dong Hoi

108.2°
106.6°

16.0°
17.5°

6
7

7. Hue

107.6°

16.4°

17

8. Khlong Yai
9. Lai Chau

102.9°
103.2°

11.8°
22.1°

4
244

10. Lang/Hanoi
11. Nakhon Phanom

105.9°
104.8°

21.0°
17.4°

5
148

12. Nakhon Si Thammarat

100.0°

8.5°

9

13. Nam Dinh
14. Nha Trang

106.2°
109.2°

20.4°
12.2°

3
5

15. Phitsanulok
16. Phrae

100.3°
100.2°

16.8°
18.2°

45
162

17. Phu Lien

106.6°

20.8°

113

18. Phuket
19. Phuket Airport
20. Prachin Buri
21. Prachuap Khiri Khan

98.4°
98.3°
101.4°
99.8°

7.9°
8.1°
14.1°
11.8°

3
10
6
5

22. Roi Et
23. Sa Pa
24. Sakon Nakhon
25. Sattahip
26. Son La

103.7°
103.8°
104.1°
101.0°
103.9°

16.1°
22.4°
17.1°
12.7°
21.3°

142
1570
172
18
676

27. Songkhla
28. Suphan Buri
29. Surat Thani
30. Surin
31. Tak

100.6°
100.1°
99.4°
103.5°
99.2°

7.2°
14.5°
9.1°
14.9°
16.9°

5
8
11
147
124

32. Trang
33. Ubon Ratchathani
34. Udon Thani
35. Uttatadit
36. Vinh

99.6°
103.9°
102.8°
100.1°
105.7°

7.5°
15.3°
17.4°
17.6°
18.7°

16
127
182
64
6

37. Vung Tau

107.1°

10.4°

4

3 Results
3.1 Temporal mean and variability of SAT over the ICP
The climatological mean and anomaly of SAT over the ICP are
presented in Fig. 2 showing all time series derived from multiple datasets (1981–2010) on a monthly and annual time
scale. The highest temperatures appear in April and the lowest
temperatures in December. The analysis further reveals that:
(i) In general, the variations of monthly mean SAT are similar in all datasets. Except for DEL, the other datasets
show a slight difference compared to SA-OBS in JFM.
ERA-20C, CERA-20C, and DEL indicate relatively lower monthly mean temperatures compared with the SAOBS in AMJ and JAS; DEL show good agreement with
the SA-OBS in OND.
(ii) On the annual scale, the mean and anomaly of SAT has
increased during 1981–2010 over the whole ICP.
Moreover, the inter-annual fluctuations vary significantly since the late 1990s. In most of the cases, the variation
of SAT could be captured quite similarly by all datasets.
It clearly indicates that the observational datasets (SAOBS, CRU, GHCN_CAMS, and DEL) do not have large
differences before 2000 on the annual mean basis.
During 2001–2010, however, DEL reveals lower temperatures compared with the other three observational
datasets.
(iii) All of the reanalysis datasets (ERA-20C, CERA-20C,
ERA-Interim, and JRA-55) follow each other very
closely in both annual mean and anomaly but are slightly colder than the observations. CERA-20C shows better agreement to the observations than the other three
reanalysis over the ICP. Actually, it is not surprising that
CERA-20C has a relatively good performance. It has
been reported that the coupled data assimilation system
of ECMWF (CERA) could slightly improve temperature estimates, especially in the tropics (Laloyaux et al.
2016). Our results indeed confirm it.

3.2 Spatial mean and differences of SAT over the ICP

the average temperature in January–March (JFM) is lower than
that of December–February (DJF), and the April–June (AMJ)
average temperature is higher than that of June–August (JJA).
Thus, we re-define the seasons from January to March, April to
June, July to September, and October to December, diverging
thereby, from the common definitions for the mid-latitudes.
This definition of seasons is also widely used in climate research over the ICP and Southeast Asia (Nguyen et al. 2014;
Villafuerte and Matsumoto. 2015; Marjuki et al. 2016).

Figure 3 shows the spatial patterns of annual mean SAT during
the period of 1981 to 2010 in both observations and reanalysis. Generally, the spatial features are similar, with a uniform
monopole, extending from north to south. Some distinct structures of the climatology could be captured well in all datasets,
with the highest SAT in the center of ICP, especially in
Thailand and Cambodia (Fig. 3, left panels). However, the
annual mean difference between the SA-OBS and other
datasets indicate that the variability of SAT is slightly varying
in different regions. Based on the SA-OBS as the Breference,^
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(Fig. 3, the first of the right panels). Note that CERA20C has a positive difference during 1981 to 1993,
whereas the negative difference is found during 1994
to 2010.

On the seasonal basis, the following results are noted:
(i) In JFM, the central plain is warmer than the northern
mountainous area and eastern coastal region (Fig. 4, left
panels). Quantitatively, SAT variations are quite similar
in AMJ and JAS, with temperatures exceeding 25 °C in
most parts of ICP (Fig. 4, middle two panels). The spatial
patterns are similar in the observational datasets during
OND, but the reanalysis datasets show relatively lower
temperatures over the ICP, especially in ERA-20C and
CERA-20C (Fig. 4, right panels).
(ii) The seasonal SAT anomalies are shown for each dataset
(Fig. 5). Both observations and reanalyses show pronounced seasonal variations during the recent 30 years.
There is considerable variability in SAT anomalies during JFM, AMJ, and OND. However, the temperature
fluctuations in JAS are moderate in all datasets. It is
noteworthy that the SAT increases in all seasons, particularly in JFM and OND, suggesting the transitional seasons contribute more to the warming over the ICP.

Fig. 2 Climatology of SAT (°C) in multiple datasets over the ICP during
1981–2010 on a monthly and annual basis

the positive/negative differences which are subtracted from
the other datasets are further analyzed for comparison. The
following results are obtained:
(i) Spatially, the negative difference is mostly exhibited in
western and central ICP and positive difference predominately appears in eastern and coastal areas in CRU and
GHCN_CAMS and DEL (Fig. 3, right panels). CRU and
GHCN_CAMS have a notably higher SAT in the northern mountainous area compared to SA-OBS. The reanalysis datasets reveal negative differences in most of the
regions except for the eastern coastal areas.
(ii) Both CRU and GHCN_CAMS show positive differences in the annual mean time series, DEL, ERA-20C,
ERA-Interim, and JRA-55 reveal negative differences

Table 3 lists the annual and seasonal mean differences of
SAT against the SA-OBS for all datasets. The annual mean
differences for the observation datasets are 0.32 °C (CRU),
0.43 °C (GHCN_CAMS), − 0.29 °C (DEL), and − 0.51 °C
(ERA-20C), − 0.06 °C (CERA-20C), − 0.28 °C (ERAInterim), 0.63 °C (JRA-55) for the reanalysis datasets, respectively. It is consistent with the spatial patterns in terms of
magnitude and sign of the differences (Fig. 3, right panels).
The largest positive difference is found in GHCN_CAMS and
the largest negative difference is in JRA-55. On the seasonal
basis, CRU and GHCN_CAMS have positive differences of
SAT in all seasons while DEL is negative. The mean differences in reanalysis datasets are highly inconsistent. ERA-20C
only has a positive difference in JFM but a negative in AMJ,
JAS, and OND, whereas CERA-20C has positive differences
in JFM and OND, and negative differences in AMJ and JAS.
ERA-Interim and JRA-55 show negative differences in all
seasons compared to the SA-OBS.
To further compare these datasets, the root mean square
error (RMSE) of SAT and its systematic portion (RMSES)
are calculated (following Willmott 1984). The results are provided in Table 3:
(i) All datasets have relatively small RMSE and RMSES
values. The annual RMSE shows similar results in the
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Fig. 3 Annual mean (left panels) and biases (right panels) of SAT (°C) in multiple datasets over the ICP in the period of 1981 to 2010

gridded observational datasets, with the value of 0.40
in CRU, 0.44 in GHCN_CAMS, and 0.36 in DEL.
The comparison indicates that these observation
datasets are fairly consistent over the ICP. It should
be noted that the GHCN_CAMS has the smallest annual RMSES (0.08), but the annual RMSE (0.44) is
relatively large. This systematic bias needs to be

further examined and to be taken into account when
being used for model validation over the ICP. The
CERA-20C has the smallest annual RMSE value
(0.19), while the annual RMSE S (0.17) is almost
equal to the RMSE, suggesting that this dataset is
very close to the SA-OBS reproducing the annual
SAT over the ICP.

F. Ge et al.

Fig. 3 (continued)

(ii) On the seasonal basis, the RMSE results do not show
large differences in the observation datasets which

indicates that these datasets agree well with SA-OBS.
However, it varies considerably in the reanalysis.
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Fig. 3 (continued)

CERA-20C shows the largest difference in JFM, with
a value of 0.95. ERA-20C indicates the largest difference in AMJ and JAS, with values of 0.99 and
1.23, respectively. In OND, JRA-55 shows a larger
difference (0.68) against the SA-OBS. These results
suggest that the reanalysis datasets may still have
some biases over the ICP on seasonal scale, even
though it may compare well with the observation
datasets on the annual scale.

3.3 Spatial trends and differences of SAT over the ICP
The annual mean trends and differences (°C/decade) over the
ICP are shown in multiple datasets during 1981–2010 (Fig. 6).
It is evident that the SAT has a general positive trend in most
datasets. The following results are noteworthy:

(i) SA-OBS shows significant positive trends during the recent 30 years, especially in the northeastern regions (Fig.
6, left panels). A similar pattern has been found in CRU,
but with large differences in the northeastern areas. For
GHCN_CAMS, the positive trends are observed in most
of the ICP and the spatial distributions closely resemble
the SA-OBS. However, a negative trend appears over the
northern mountain regions. In DEL, two spatially smallscale negative trends are found in northern Laos and the
southern coast of Vietnam but the magnitudes are very
small. The annual mean trends of the reanalysis datasets
agree reasonably well with SA-OBS.
(ii) Quantitatively, the trends exhibit negative differences in
all datasets compared to SA-OBS, with the values − 0.11
(CRU), − 0.07 (GHCN-CAMS), − 0.18 (DEL), − 0.09
(ERA-20C), − 0.12 (CERA-20C), − 0.13 (ERA-Interim),
and − 0.17 °C decade−1 (JRA-55), respectively (Fig. 6,
first panels on the right). However, large differences
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Fig. 4 Seasonal mean of SAT (°C) in multiple datasets over the ICP in the period of 1981 to 2010

appear over the northeastern areas, whereas widespread
positive differences are found over the central ICP in all
datasets (Fig. 6, right panels). It should be noted that the
major differences mainly appear in the high mountainous
areas and (or) the regions which do not have a dense
station network coverage. Possible reasons for these

differences could be different interpolation methods, different data sources, and different elevation adjustments.
The results of the Mann-Kendall and Sen’s slope estimator tests for annual anomalies of SAT are presented
in Fig. 7. As shown, the time series consist of annual
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Fig. 4 (continued)

anomalies with monotonously increasing trends in all
datasets over the period of 1981–2010. It is clear that
the trend of SA-OBS increases more sharply, with a
high significance level in conjunction with a narrow
confidence interval.
Table 4 summarizes the statistical tests for seasonal and annual trends. The annual trends are significant at the 1% significance

level. The increase rates are 0.37 (SA-OBS), 0.26 (CRU), 0.30
(GHCN_CAMS), 0.19 (DEL), 0.28 (ERA-20C) and 0.25
(CERA-20C), 0.24 (ERA-Interim), and 0.20 (JRA-55) °C/decade, respectively. On a seasonal basis, the highest increase rate
is found in OND and the second highest in JFM, which is consistent with the results shown in Fig. 5. However, significant
increasing trends are found only for SA-OBS, GHCN_CAMS,
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Table 3 The mean difference and the RMSE, systematic RMSE
(RMSEs) of SAT (°C) in multiple datasets over the ICP during 1981–
2010
Name

Difference

RMSE (RMSEs)

CRU

Annual
JFM
AMJ
JAS
OND

0.32
0.29
0.22
0.17
0.60

0.40 (0.24)
0.37 (0.23)
0.38 (0.31)
0.33 (0.29)
0.64 (0.21)

GHCN_CAMS

Annual
JFM
AMJ
JAS
OND

0.43
0.51
0.30
0.19
0.72

0.44 (0.08)
0.53 (0.13)
0.34 (0.14)
0.25 (0.11)
0.73 (0.08)

DEL

Annual
JFM
AMJ
JAS
OND

− 0.29
− 0.32
− 0.20
− 0.42
− 0.22

0.36 (0.19)
0.38 (0.20)
0.32 (0.25)
0.49 (0.25)
0.31 (0.17)

ERA-20C

Annual
JFM
AMJ
JAS
OND

− 0.51
0.38
− 0.95
− 1.20
− 0.28

0.54 (0.19)
0.45 (0.24)
0.99 (0.29)
1.23 (0.25)
0.38 (0.23)

CERA-20C

Annual
JFM
AMJ
JAS
OND

− 0.06
0.93
− 0.58
− 0.88
0.28

0.19 (0.17)
0.95 (0.19)
0.64 (0.28)
0.91 (0.24)
0.35 (0.15)

ERA-Interim

Annual
JFM
AMJ
JAS
OND

− 0.28
− 0.29
− 0.31
− 0.36
− 0.16

0.32 (0.13)
0.33 (0.13)
0.37 (0.20)
0.41 (0.17)
0.25 (0.13)

JRA-55

Annual
JFM
AMJ
JAS
OND

− 0.63
− 0.71
− 0.50
− 0.64
− 0.65

0.66 (0.17)
0.72 (0.15)
0.56 (0.27)
0.70 (0.26)
0.68 (0.16)

detected in JAS in CRU. The following additional results are
obtained:

Fig. 5 Seasonal anomalies of SAT (°C) in multiple datasets over the ICP
in the period of 1981 to 2010

and ERA-Interim in AMJ. The increasing rate of 0.32 °C/decade
for SA-OBS is significant at the 1% level, whereas the rates of
GHCN_CAMS and ERA-Interim are 0.23 and 0.18 °C/decade
and significant at the 5% level, respectively. On the other hand,
no significant trends are detected in AMJ in CRU, DEL, ERA20C, CERA-20C, and JRA-55. Moreover, no significant trend is

(i) Warming over the ICP dominates the recent three
decades on the annual scale, while the increasing
trend of each dataset reveals some differences and
therefore requires further investigation. The SAOBS shows the largest warming rate compared to
the other datasets.
(ii) Not unlike the precipitation variations over the ICP, the
SAT shows pronounced seasonality and variance between rainy and dry seasons. Trend magnitudes are
higher in the transitional seasons (JFM and OND) compared to the other two seasons, indicating that the increasing SAT is strongly associated with the summer
monsoon variability.
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Fig. 6 Annual mean trends and biases (°C/decade) in multiple datasets over the ICP during 1981–2010
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Fig. 6 (continued)
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Fig. 6 (continued)

4 Conclusions
The interannual variability of temperature and precipitation could significantly influence the economic growth
and agricultural production of Southeast Asia (Naylor
et al. 2001, 2007; Marjuki et al. 2016). However, these
climatological issues have not been widely paid attention to in this region. In this paper, using a large set of
observation and reanalysis datasets, the climatological
mean and trend of SAT are examined over the ICP from
1981 to 2010. The main aim of this study is not only to
investigate the seasonal and annual trends but also specifically address the increasing concerns about climate
change in the countries and regions along the BBelt and
Road^ initiative. The following results are summarized:
(i) Climatologically, SAT increases gradually from north to
south over the ICP. The highest annual mean SAT appears

in the central plain and the lowest SAT is in the northern
mountainous area. The seasonal mean SAT varies significantly in dry seasons compared to wet seasons, with a
rapid increase in JFM and OND. The variations are relatively moderate in AMJ and JAS over the ICP, suggesting
the SAT may also be influenced by the summer monsoon
variability.
(ii) The linear trends in annual and seasonal mean SAT are
calculated by Sen’s slope estimator together with the
non-parametric Mann-Kendall (MK) significance test.
The positive trends are detected in both observational
and reanalysis datasets over the ICP. Trend magnitudes
in annual SAT range between 0.19 °C/decade for DEL
and 0.37 °C/decade for SA-OBS dataset. Higher trends
are observed in JFM and OND, indicating their large
contribution to the mean annual trend.
(iii) Based on the SA-OBS dataset, the comparison of SAT
between the observation datasets (CRU, GHCN_CAMS,

F. Ge et al.
Fig. 7 Sen’s slope estimation for
the annual anomalies of SAT (°C)
in multiple datasets during 1981–
2010

and DEL) and reanalysis datasets (ERA-20C,
CERA-20C, ERA-Interim, and JRA-55) show generally good agreement during the period of 1981 to
2010 over the ICP. The systematic RMSE for the

CERA-20C dataset is the smallest of all evaluated
datasets, suggesting that the CERA-20C agree with
the SA-OBS well in terms of reproducing the annual mean SAT over the ICP. However, the
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Table 4 Results of the statistical tests for the seasonal and annual trend
(°C decade−1) over the ICP during 1981–2010

References

Name

Alexander LV, Zhang X, Peterson TC et al (2006) Global observed changes in daily climate extremes of temperature and precipitation. J
Geophys Res 111:D05109. https://doi.org/10.1029/2005JD006290
Alexander LV, Uotila P, Nicholls N (2009) Influence of sea surface temperature variability on global temperature and precipitation extremes. J Geophys Res 114:D18116. https://doi.org/10.1029/
2009JD012301
Berrisford P, Dee DP, Fielding K, Fuentes M, Kållberg P, Kobayashi S,
Uppala SM (2009) ‘The ERA-Interim Archive’. ERA Report Series,
No.1. ECMWF, Reading
Caesar J, Alexander LV, Trewin B (2011) Changes in temperature and
precipitation extremes over the indo-Pacific region from 1971 to
2005. Int J Climatol 31:791–801
Cai DL, You QL, Fraedrich K, Guan YN (2017) Spatiotemporal temperature variability over the Tibetan plateau: altitudinal dependence
associated with the global warming hiatus. J Clim 30:969–983
Chen TC, Yoon JH (2000) Interannual variation in Indochina summer
monsoon rainfall: possible mechanism. J Clim 13:1979–1986
Chou C, Neelin JD, Chen CA, Tu JY (2009) Evaluating the Brich-getricher^ mechanism in tropical precipitation change under global
warming. J Clim 22(8):1982–2005
Cornes RC, Jones PD (2013) How well does the ERA-interim reanalysis
replicate trends in extremes of surface temperature across Europe? J
Geophys Res 118:10262–10272. https://doi.org/10.1002/jgrd.50799
Cressman GP (1959) An operational objective analysis system. Mon
Weather Rev 87(10):367–374
Dee DP, Uppala SM, Simmons AJ, Berrisford P, Poli P, Kobayashi S,
Andrae U, Balmaseda MA, Balsamo G, Bauer P, Bechtold P,
Beljaars ACM, van de Berg L, Bidlot J, Bormann N, Delsol C,
Dragani R, Fuentes M, Geer AJ, Haimberger L, Healy SB,
Hersbach H, Hólm EV, Isaksen L, Kållberg P, Köhler M, Matricardi
M, McNally AP, Monge-Sanz BM, Morcrette JJ, Park BK, Peubey C,
de Rosnay P, Tavolato C, Thépaut JN, Vitart F (2011) The ERAinterim reanalysis: configuration and performance of the data assimilation system. Q J R Meteorol Soc 137(656):553–597
Dee DP, Balmaseda M, Balsamo G, Engelen R, Simmons A, Thépaut J-N
(2014) Toward a consistent reanalysis of the climate system. Bull
Am Meteorol Soc 95(8):1235–1248
Easterling DR, Wehner MF (2009) Is the climate warming or cooling?
Geophys Res Lett 36:L08706
Easterling DR, Evans JL, Groisman PY, Karl TR, Kunkel KE, Ambenje P
(2000) Observed variability and trends in extreme climate events: a
brief review. Bull Am Meteorol Soc 81:417–425
Fan Y, van den Dool H (2008) A global monthly land surface air temperature analysis for 1948-present. J Geophys Res 113:D01103. https://
doi.org/10.1029/2007JD008470
Ge F, Zhi XF, Babar ZA, Tang WW, Chen P (2017) Interannual variability of summer monsoon precipitation over the Indochina Peninsula
in association with ENSO. Theor Appl Climatol 128(3–4):523–531
Griffiths GM, Chambers LE, Haylock MR (2005) Change in mean temperature as a predictor of extreme temperature change in the AsiaPacific region. Int J Climatol 25:1301–1330
Harada Y, Kamahori H, Kobayashi C et al (2016) The JRA-55 reanalysis:
representation of atmospheric circulation and climate variability. J
Meteor Soc Jpn 94:269–302
Harris I, Jones PD, Osborn TJ, Lister DH (2014) Updated high-resolution
grids of monthly climatic observations–the CRU TS3. 10 dataset. Int
J Climatol 34(3):623–642
Haylock M, Hofstra N, Klein Tank A et al (2008) A European daily highresolution gridded data set of surface temperature and precipitation
for 1950–2006. J Geophys Res 113:D20119. https://doi.org/10.
1029/2008JD010201

Trends

SA-OBS
CRU
GHCN_CAMS
DEL
ERA-20C
CERA-20C
ERA-Interim
JRA-55

JFM

AMJ

JAS

OND

Annual

0.39a

0.32a

0.32a

0.47a

0.37a

0.17
0.22a
0.13b
0.30a
0.21a
0.19a
0.09b

a

0.26a
0.30a
0.19a
0.28a
0.25a
0.24a
0.20a

b

0.28
0.34a
0.27b
0.25b
0.25b
0.27b
0.28b

0.13
0.23b
0.11
0.13
0.10
0.18b
0.11

0.37
0.41a
0.30a
0.38a
0.40a
0.34a
0.34a

a

Statistically significant trends at the 1% significance level

b

Statistically significant trends at the 5% significance level

differences vary from the datasets on seasonal basis. The CRU and DEL datasets are close to SAOBS in JFM, AMJ, and JAS while DEL performs
better in OND. During 1981–2010, all of datasets
show a significant positive trend over the ICP. But
the warming rates of SA-OBS are larger than that
of other datasets, suggesting that several differences still exist in these scientific community
products.
Although the SA-OBS validation has been carefully
performed, a minimum of 4 stations and a maximum of
25 stations within 500 km of a specific grid square are
demonstrated as reasonable and useful in the interpolating of temperature (see Fig. 4 from van den Besselaar
et al. 2017). It is noted that some countries such as
Cambodia and Laos do not have stations available in
the data sources of SACA&D. This has been a particular problem in Southeast Asia region because observational data has not been kept regularly over time by
governmental agencies (Williamson et al. 2015).
Therefore, the demand for data search and collection
needs to be highlighted in this region. While studying
trends, climate variability, and assessing regional climate
models over the ICP, these discrepancies should not be
ignored.
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