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ABSTRACT

ERA-Interim has been widely considered as a valid proxy for observations at global and regional scales.

However, the verifications of ERA-Interim precipitation and temperature in mainland China have been

rarely conducted, especially in the spatial and long-term performances. Therefore, in this study, we employed

the interpolated ground station (STA) data to evaluate the spatial and temporal patterns and trends of ERA-

Interim precipitation and temperature during 1980–2012. The results showed that relatively weaker perfor-

mances were observed in ERA-Interim precipitation, with the skill score (S index) ranging from 0.41 to 0.50.

Interannual ERA-Interim precipitation presented comparable trends with STA precipitation at the annual

and seasonal scales. Spatial patterns of empirical orthogonal function (EOF) modes and corresponding

principal components were evidently different between annual ERA-Interim and STA precipitation. For

temperature, annual and seasonal patterns of ERA-Interim data were in good consistency with those of STA

over China with the S index ranging from 0.59 to 0.70. Yet interannual STA temperature recorded stronger

warming trends (from 0.37K decade21 of wintertime to 0.53K decade21 of springtime) at the annual and

seasonal scales compared to corresponding periods for ERA-Interim temperature (from 0.03K decade21 of

wintertime to 0.25K decade21 of summertime). Overall, ERA-Interim precipitation and temperature had

good agreement with STA data in east China with lower elevation (,1000m above sea level), but good

agreements were not observed in west China with higher elevation. The findings suggest that caution should

be paid when using ERA-Interim precipitation and temperature in areas with complex orography.

1. Introduction

Precipitation and temperature play important roles in

the climatic system, which is widely used for explaining the

response of the terrestrial ecosystems to climate change

and regional climatic modeling (Colucci and Guglielmin

2015; Decker et al. 2012; Jiang et al. 2017; Liu et al. 2005,

2015; Oberhänsli et al. 2011; Vergni and Todisco 2011).

Traditionally, observations of precipitation and tempera-

ture are based on ground meteorological stations (Sevruk

et al. 2009; Tapiador et al. 2012). Although in situ data

have better accuracy, these data are sparse in many re-

gions. During the past decades, reanalysis data have been

applied widely in many fields given that these data with

high spatial and temporal resolution can effectively com-

pensate for the lack of direct ground observations (Cai

et al. 2014; Madonna et al. 2014; Sylla et al. 2010).

Currently, the widespread application of reanalysis

data mainly includes NCEP-1 (Kalnay et al. 1996),

NCEP-2 (Kanamitsu et al. 2002), ERA-15 (Wernli and

Sprenger 2007), ERA-40 (Uppala et al. 2005), ERA-

Interim (Dee et al. 2011), JRA-25 (Onogi et al. 2005),
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and JRA-55 (Kobayashi et al. 2015). Some earlier

studies have reported results based on the performances

of several reanalysis data, but most of these studies were

limited to particular regions of Asia (Bao and Zhang

2013; Fu et al. 2016; Gao and Hao 2014; Gao et al. 2017;

Song and Zhou 2012), within specific seasons (Fan et al.

2013; Huang et al. 2016; Zhang et al. 2015), or within

relatively earlier times (Bao and Zhang 2013; Ma et al.

2008, 2009). For example, using independent sounding

observations from an enhanced radiosonde network,

Bao and Zhang (2013) evaluated the performances of

NCEP CFSR, NCEP-1, ERA-Interim, and ERA-40

datasets over the Tibetan Plateau in 1998 and sug-

gested that newer-generation reanalyses (NCEP CFSR

and ERA-Interim temperature) generally had better

performances than their predecessors (NCEP-1 and

ERA-40 temperature) in the Tibetan Plateau. Fu et al.

(2016) assessed multiple precipitation products over

major river basins of China. Zhang et al. (2015) analyzed

the variabilities of winter extreme precipitation in

southeast China, whereas the study by Huang et al.

(2016) focused on the summer monsoon precipitation

over East Asia. Gao and Hao (2014) employed an air

temperature of 75 meteorological stations to investigate

the ERA-Interim temperature over the Tibetan Plateau

during 1979–2010 and found that ERA-Interim tem-

perature could capture the annual cycle very well. Some

studies provided more detailed analyses on multiple

reanalysis data over China, but their studies mainly

covered the analyses based on the data before 2001

(Ma et al. 2008, 2009). Recent studies have suggested

that new versions of reanalysis data (e.g., JRA and

ERA-Interim) employ more observations to improve

the data quality, especially in East Asia and the tropical

region (Li et al. 2012; Onogi et al. 2005). Also, there are

studies suggesting that the warming trend may have

slowed down during the first decade of the twenty-first

century compared to that before 2000 (Buermann et al.

2007; Cane 2010). Thus, a consecutive study on the

performance of reanalysis data covering a much longer

period (e.g., the past three decades) is imperative, which

can potentially provide a greater insight into the evalu-

ation of reanalysis data.

Among the global reanalysis datasets, ERA-Interim is

the latest long-time series global atmospheric reanalysis

production of the European Centre for Medium-Range

Weather Forecasts (ECMWF; Dee et al. 2011). Com-

pared with earlier ERA-40 data, ERA-Interim data are

closer to in situ observations (Adler et al. 2003; Decker

et al. 2012; Dee et al. 2011). An important reason is that

the ERA-Interim improves the representation of the

hydrological cycle and the quality of the stratospheric

circulation, as well as the handling of biases and changes

in the observing system by employing ERA-40, JRA,

and observed data (Dee and Uppala 2009; Dee et al.

2011; Gao and Hao 2014; Li et al. 2012). There is a study

reporting that ERA-Interim temperature is slightly

better than NCEP-1 data in North America (Mooney

et al. 2011). However, there are also some studies sug-

gesting problems with ERA-Interim precipitation and

temperature in some particular regions. For example,

ERA-Interim precipitation suffered from large biases

on the west coasts of America, Africa, and north Canada

(Dee et al. 2011; Diaconescu et al. 2018; Di Giuseppe

et al. 2013). A study has indicated that biases of ERA-

Interim data are very severe in Africa because of the

scarcity of observed data and defect of the land surface

parameterization scheme over the region (Agustí-

Panareda et al. 2010). These evaluation studies mainly

focused on representative continental areas, for exam-

ple, Europe (de Leeuw et al. 2015; Mooney et al. 2011;

Szczypta et al. 2011), Africa (Agustí-Panareda et al.

2010; Diaconescu et al. 2015; Di Giuseppe et al. 2013;

Zhang et al. 2013), America (Decker et al. 2012), or the

globe (Bosilovich et al. 2008; Dee et al. 2011). Yet the

performances of ERA-Interim data in Asia, especially

in mainland China, are rarely reported. Besides, many

geographers and ecologists used reanalysis data to state

the response of vegetation growth to climate change

(Cai et al. 2014, 2015). Before using reanalysis data, they

usually pay more attention to the spatial performances

at seasonal and annual scales. This work potentially

helps users of ERA-Interim data to enhance the un-

derstanding of the performances of the data in the dif-

ferent regions and seasons of China. Although some

previous studies improve our understanding of ERA-

Interim data in specific regions or seasons (Bao and

Zhang 2013; Chen et al. 2014; You et al. 2015), a con-

secutive study on the performances of ERA-Interim

precipitation and temperature in entire mainland China

is imperative.

Therefore, the aims of this study are to 1) examine the

seasonal and annual spatial patterns and trends of ERA-

Interim precipitation and temperature over the past

three decades, and 2) evaluate the continuous temporal

and spatial performances of ERA-Interim data in dif-

ferent ecoclimatic regions and seasons based on the in-

terpolated ground station (STA) data.

2. Data and methods

a. Study area

China covers a vast land area (9.6 3 106km2) with a

wide range of climates, complex orography, and terres-

trial ecosystems (Fig. 1). Also, it is suffering from new
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challenges posed by climate change. More importantly,

spatial distributions of precipitation, which show great

heterogeneities, while seasonal temperature exhibits

strong variabilities in mainland China, provide a good

opportunity for investigating the performances of

reanalysis data.

b. Data and processing

Monthly ERA-Interim precipitation and 2-m surface

air temperature are derived from the ERA-Interim at-

mospheric model and reanalysis system. The system

configuration includes a four-dimensional variational

analysis with a 12-h analysis window. The spatial reso-

lution of the data is ;79km (T255 spectral truncation)

on 60 vertical levels from the surface up to 0.1 hPa (Dee

and Uppala 2009; Dee et al. 2011). The ECMWF web

applications server (http://apps.ecmwf.int) offers a de-

fault spatial resolution grid of 0.758 and also offers other

spatial resolutions grids (ranging from 0.1258 to 38)

based on a bilinear interpolation technique for contin-

uous parameters (e.g., precipitation and temperature;

https://software.ecmwf.int/wiki/display/CKB/ERA-Interim

%3A1What1is1the1spatial1reference). In this study,

we used reanalysis data with a 0.1258 grid during 1980–

2012. The evaluations were thus made on the 0.1258 3

0.1258 latitude–longitude grid in China. Two reasons are

mainly considered for selecting the spatial resolution. First,

the 0.1258 grid of reanalysis data is the highest spatial res-

olution provided by the ECMWF web applications server.

Second, this spatial resolution can potentially satisfy the

needs of ecological and geographical studies given that they

generally desire relatively high-resolution spatial resolution

climate data.

Daily precipitation and temperature at 756 meteoro-

logical stations in China during 1980–2012 were col-

lected from the National Meteorological Information

Center (Fig. 1a; National Meteorological Information

Center 2013). Approximately 186 international meteo-

rological stations around mainland China during 1980–

2012 were obtained from the National Oceanic and

Atmospheric Administration (ftp://ftp.ncdc.noaa.gov),

which was used to enhance the interpolation accuracy of

China’s border areas (Ma et al. 2015). To ensure data

quality, these observed data were first screened by

quality control, including the homogeneity analysis of

data time series and the removal of data with excessive

departures from historical records or the surrounding

stations. Using the thin-plate spline interpolation

method together with the 0.1258 digital elevation model

(DEM; Fig. 1b) as an auxiliary variable (in which the

0.1258DEM is derived from a global 1-km SRTMDEM

based on projection transformation and bilinear resam-

pling techniques; http://vterrain.org/Elevation/SRTM/), me-

teorological station data were then converted into daily grid

datawith a 0.1258 spatial resolution (Hutchinson et al. 2009).

Finally, interpolated precipitation and temperature station

data were aggregated from a daily to monthly scale

(hereinafter referred to as STA data) consistent with

the spatial and temporal resolutions of ERA-Interim

data. The interpolation method and data quality have

already been validated in earlier studies (Liu et al.

2012; Ma et al. 2015; Yuan et al. 2015). To further

FIG. 1. The distributions of (a) meteorological stations (covering China’s meteorological stations and in-

ternational meteorological stations aroundmainlandChina) and ChinaFLUX sites (refer to Table 1). (b) DEMand

(c) climatic zones for zonal statistic. NW is northwest China, SW is southwest China, NE is northeast China, CE is

central and east China, and SE is southeast China.
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validate the performances of interpolated data in this

study, we also employed meteorological observations

of 11 flux towers from the ChinaFLUX (Fig. 1 and

Table 1). Flux towers usually provided half-hourly

observed data. We thus used the following steps to

obtain monthly data. First, half-hourly data were ag-

gregated to daily data, if the number of half-hourly data

was greater than 40 (ensure that there are more than

85% available data) in each day. Otherwise, the cor-

responding day was set as missing data. In the same

way, daily data were then aggregated to monthly data,

if the number of daily data was more than 26 days in

each month. If not, the corresponding month was set

as missing data. Finally, 308 precipitation months and

311 temperature months were selected as independent

data to validate the performances of STA data.

In addition, it should be clearly noted that, according

to the previous references (Dee et al. 2011; Uppala et al.

2005), we knew ERA-Interim only assimilated a small

part of the surface-observed temperature from China’s

stations. However, there is an important but difficult-to-

answer question regarding which stations and what

years might be used by ERA-Interim for assimilation

purposes. The same question has been mentioned in a

recent reference (Gao et al. 2012). Similarly, according

to the information from the ECMWF and the statistical

significance of the differences of two temperature data

shown in the following section, it can be implied that the

majority of China’s stations are not used by ERA-

Interim. We can thus regard ERA-Interim and STA

temperature as completely independent datasets.

c. Statistical analysis

This study first spatially examined the annual and

seasonal mean precipitation and temperature. The spa-

tial differences (bias) of ERA-Interim and STA data

were then investigated. The detailed features of differ-

ences of ERA-Interim and STA data were further an-

alyzed in five climatic zones. After those, the skill score

(S index) was employed to display the multiyear mean

departures of both datasets (Hirota et al. 2011; Taylor

2001). The empirical orthogonal function (EOF) anal-

ysis (Björnsson andVenegas 1997; North et al. 1982) and

the trend analysis (Wang et al. 2017) were also used to

check the consistency of both datasets. The appendix

lists the detailed statistical methods.

3. Results

a. The performances of interpolated data

The relationships between flux tower–based obser-

vations and STA data were analyzed in this section

(Fig. S1 in the supplemental material). A good perfor-

mance was observed in the interpolated precipitation

with a coefficient of determination R2 of 0.79, bias of

14.4%, and root-mean-square error (RMSE) of 65.1%. In

contrast, interpolated temperature performed a stronger

agreement with flux tower–based observations, with an

R2 of 0.99, bias of 0.6K, and RMSE of 1.2K.

b. Comparisons of ERA-Interim and STA

precipitation

Both annual total precipitation (the 1980–2012 mean

at each grid point) from ERA-Interim and from STA

data decreased gradually from southeast China to

northwest China (Figs. 2a,f), ranging from more than

2500mm to 5mm for ERA-Interim precipitation, and

from 2150mm to 34mm for STA precipitation. Com-

pared with STA precipitation, ERA-Interim presented

higher precipitation amounts, especially in the south-

eastern Tibetan Plateau (region 1 in Fig. 2a), Sichuan

basin (region 2 in Fig. 2a), and southeast China (region 3

in Fig. 2a). Annual precipitation amounts in these re-

gions were generally greater than 2500mm. However,

annual precipitation amounts of STA in corresponding

regions were around 2000mm. For seasonal total pre-

cipitation, ERA-Interim data showed similar spatial

TABLE 1. Brief descriptions of 11 flux tower sites from ChinaFLUX in this study.

Site (abbreviation) Lat (8N) Lon (8E) Alt (m) Data period

Changbaishan (CBS) 42.40 128.10 738 2003–05

Qianyanzhou (QYZ) 26.75 115.67 102 2003–05

Dinghushan (DHS) 23.17 112.53 300 2003–05

Xishuangbanna (XSBN) 21.90 101.27 756 2003–05

Yucheng (YC) 36.95 116.60 28 2003–05

Haibei (HB) 37.62 101.32 3300 2003–05

Xilinguole (XLGL) 43.63 116.70 1100 2003–04

Siziwangqi (SZWQ) 41.79 111.89 1450 2011–12

Dangxiong (DX) 30.83 91.12 4250 2003–04

Changling (JLCL) 44.58 123.50 160 2007–08

Chongming (CM1) 31.52 121.96 0 2005
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patterns with STA data but precipitation amounts var-

ied. Major precipitation focused on summertime (June,

July, and August). Winter (December, January, and

February) precipitation amounts were the lowest and

mainly concentrated on southeast China.

Figures 3a–e show spatial bias values between ERA-

Interim precipitation and STA precipitation. At the

annual and seasonal scales, bias values were usually less

than 650% in eastern China. In contrast, most bias

values in southwest China were positive and generally

greater than 100% ( p , 0.05), suggesting that ERA-

Interim products appeared to overestimate precipitation

in this region, especially in springtime and wintertime.

To understand the contributions of different regions

and different seasons to annual differences, we in-

vestigated the differences between ERA-Interim data

and STA data at five climatic zones (Fig. 1c) and four

seasons, respectively. Precipitation of the ERA-Interim

product was usually overestimated (Fig. S2 in the sup-

plemental material). At the seasonal scales, differences

of precipitation in southwest China were the largest

(from 226.0 6 29.7mm in summer to 38.8 6 7.6mm in

winter) among all seasons. The second was in southeast

China, with the difference of annual total precipitation

being 194.7 6 101.8mm. The other three regions pre-

sented small differences of less than 50mm. Summer-

time and springtime contributed more to the annual

difference.

At the annual scale, ERA-Interim total precipitation

in eastern China performed well, with the S-index values

greater than 0.6. The S-index values in northeast China

were generally higher than 0.7, suggesting the reliability

of ERA-Interim precipitation in this region. At the

seasonal scales, eastern China had higher S-index values

than western China. Figure 3h suggests that the summer

S index contributed more to the annual S index in view

of their spatial patterns. In central and eastern China,

summer S-index values were less than 0.6; the other

three seasons, however, showed higher S-index values

in these regions. Mostly, winter S-index values in cen-

tral and eastern China and southeast China were higher

than 0.6, implying that ERA-Interim precipitation

had a strong consistency with STA precipitation.

However, most S-index values of western China were

less than 0.3 for all four seasons.

Compared to STA precipitation, ERA-Interim had

larger precipitation amounts at annual and seasonal

scales (Fig. 4).However, interannual changesofERA-Interim

FIG. 2. Spatial patterns of annual and seasonal total precipitation (1980–2012 average). (a)–(e) ERA-Interim data and (f)–(j) STA data.
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annual and seasonal precipitation were well consistent

with those of STA, with R ranging from 0.757 to 0.937

( p , 0.01). All annual and seasonal precipitation, ex-

cept STA winter precipitation, presented decreasing

trends during 1980–2012, but they were statistically

insignificant ( p. 0.05). Spring and autumn (more than

3mmdecade21) contributed slightly more than sum-

mer and winter (lower than 2mmdecade21) to the

annual decreasing trend over the past 33 years. The

change of winter precipitation was the weakest, with

0.4mmdecade21 for STA and 20.4mmdecade21 for

ERA-Interim. It is worth noting that ERA-Interim

spring precipitation reduced more sharply, with

6.2mmdecade21 relative to STA spring precipitation

with a lower rate of 3.2mmdecade21.

Table 2 and Fig. 4 show that ERA-Interim pre-

cipitation usually presented greater standard deviation

(STD) values (from 74.1mm in wintertime to 304.2mm

in summertime) than STA precipitation (from 64.0mm

in wintertime to 225.3mm in summertime, and summer

precipitation had stronger spatial variabilities because

of larger averaged precipitation amounts), but their

STD showed consistent trends at the corresponding an-

nual and seasonal scales. At the annual scale, the slope

values of two STD were 211.4 and 28.3mmdecade21,

suggesting decreasing spatial variabilities of annual pre-

cipitation. Similar decreasing spatial variabilities were

also observed in spring, autumn, and winter. However,

summer slope values performed increasing spatial vari-

abilities with 1.8mmdecade21 for ERA-Interim STD

and 2.1mmdecade21 for STA STD.

Figure 5 shows the first three leading EOF modes and

their corresponding principal components (PCs) for

ERA-Interim and STA annual precipitation. The per-

centages of the total variance explained by the first three

leading EOF modes were over 49% for ERA-Interim

data and over 46% for STA data. The corresponding

EOF modes between ERA-Interim and STA annual

precipitation accounted for similar percentages of total

variance (e.g., 25.3% vs 25.0% for EOF1, 15.8% vs

14.3% for EOF2, and 8.3% vs 7.3% for EOF3). Al-

though most EOF modes of ERA-Interim annual pre-

cipitation captured those of STA, the EOF patterns of

ERA-Interim and STA annual precipitation showed

FIG. 3. (a)–(e) The annual and seasonal differences (bias and the significance at the 0.05 level) and (f)–(j) S index between ERA-Interim

precipitation and STA precipitation during the period 1980–2012. N. S. means no statistical significance.
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large differences in some regions. For EOF1, most re-

gions of ERA-Interim annual precipitation showed

positive values except for the eastern Tibetan Plateau,

while the regions ranging from 308 to 408N of STA an-

nual precipitation showed negative values. Combined

with PC1, when their PC1s were both negative, annual

precipitation in the regions ranging from 308 to 408N

decreased for ERA-Interim data but increased for STA

data, and vice versa. For EOF2, the opposite regions

mainly focused on northeastern and western China. As

shown in Figs. 5g–i, not only did EOF3 of ERA-Interim

and STA annual precipitation show large spatial dif-

ferences, but PC3 of ERA-Interim and STA annual

precipitation also showed different fluctuations in some

years. Similarly, for four seasonal EOF modes, the

corresponding EOF modes between ERA-Interim and

STA seasonal precipitation accounted for similar per-

centages of total variance, but the distributions of

EOF modes showed large differences (Figs. S3–S6 in

the supplemental material).

Figure 6 shows that overall trends of ERA-Interim

data were basically consistent with STA data, but spatial

FIG. 4. Interannual change of annual and seasonal precipitation over China during the period 1980–2012. The

pink and blue lines are spatial mean STA and ERA-Interim precipitation. The pink and blue zones are the spatial

STA STD and ERA-Interim precipitation. The single and double asterisks indicate significance at the 0.05 and 0.01

level, respectively.

TABLE 2. The magnitudes of variability (using spatial STD) of precipitation between ERA-Interim and STA data at seasonal and

annual scales. Mean and slope are the avg and trend of each climatic variable during 1980–2012. The single and double asterisks indicate

significance at the 0.05 and 0.01 level, respectively.

Precipitation

ERA-Interim spatial STD STA spatial STD

Mean (mm) Slope (mmdecade21) Mean (mm) Slope (mmdecade21)

Spring 214.6 29.01* 165.3 29.39*

Summer 304.2 1.80 225.3 2.08

Autumn 143.4 26.07** 107.6 22.87

Winter 74.1 20.22 64.0 20.88

Annual 679.0 211.37 499.9 28.03
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trend patterns of precipitation showed strong differences in

some regions. For annual total precipitation, ERA-Interim

precipitation amounts decreased significantly, with

;100mmdecade21 (p , 0.05) in some regions of south

China; however, these significant decreasing trends were

not observed in STA precipitation in the corresponding

regions. Besides, precipitation of some regions showed

opposite trends, such as west Xinjiang (region 1 of Fig. 6a)

and west Yunnan (region 2 of Fig. 6a). In the east Tibetan

Plateau, increasing trends of ERA-Interim precipitation

emerged significantly stronger than those of STA pre-

cipitation. In springtime, ERA-Interim precipitation

amounts in southeastern coastal areas significantly de-

creased with;100mmdecade21 (p, 0.05); however, only

about one-fifth of the corresponding area revealed signifi-

cantly reducing trends in STA precipitation. In the other

three seasons, although major trends of ERA-Interim pre-

cipitation showed good agreements with those of STA pre-

cipitation, significant changes in areas were strongly varied.

c. Comparisons of ERA-Interim and STA

temperature

ERA-Interim annual and seasonal mean temperature

presented relatively better agreements with STA tem-

perature (Fig. 7). Annual mean temperature decreased

from southeast China (;303K or 308C) to northwest

China (;273K or 08C). Annual mean temperature in

the Tibetan Plateau (lower than 278K or 58C) was

usually lower than other regions because of relative

higher elevation. At seasonal scale, summer mean

temperature had the highest value (;293K or 208C),

while winter mean temperature had the lowest value

(;268K or258C). Spatial decreasing patterns were also

observed from southeast China to northwest China for

four seasonal mean temperature values.

Annual bias values were less than 62K in lower-

elevation areas (Figs. 8a–e). Yet ERA-Interim products

largely underestimated the temperature of the Tibetan

FIG. 5. First three leading eigenvectors and (c),(f),(i) corresponding PCs derived from the EOF analysis of (a),(d),(g) ERA-Interim and

(b),(e),(h) STA annual precipitation over mainland China during the period 1980–2012.
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Plateau, as most annual bias values were less than 3K.

Most regions (80%–90% of all pixels) showed two data

had significant differences ( p , 0.05). Seasonal bias

values presented similar annual patterns in most re-

gions. Particularly, a positive bias of winter temperature

was observed over the far northwestern and north-

eastern parts of China (Fig. 8e). Probably, this is due to

the influence of continental cold air masses and strong

near-surface temperature inversions observed over

those parts in winter associated with influence of Sibe-

rian high, while ERA-Interim failed to adequately re-

produce those temperature conditions in the lower

troposphere.

To understand the contributions of different regions

and different seasons to annual differences, the differ-

ences between ERA-Interim data and STA data at five

climatic zones (Fig. 1c) and four seasons were also

investigated, respectively. The temperature of the ERA-

Interim product was generally underestimated (Fig. S7

in the supplemental material). Northwest China and

southwest China both exhibited big differences, with

differences of annualmean temperature being 3.16 0.4K

and 5.26 0.4K, respectively, and thus contributed more

than the other three regions to the difference of entire

China, with 2.6 6 0.3K. Unlike differences of seasonal

precipitation, those of seasonal temperature in the same

region were relatively small.

Figures 8f–j illustrate that most annual S-index values

were greater than 0.8 in lower-elevation areas, suggest-

ing that ERA-Interim temperature was more credible in

these regions. Nevertheless, one should consider the

uncertainty of ERA-Interim temperature in higher-

elevation areas in view of the lower S-index values, for

example, the Tibetan Plateau. The distributions of four

seasonal S-index values were very similar to annual

S-index patterns. Particularly, ERA-Interim spring and

summer temperature had a better relationship with that

of STA, as S-index values were higher than 0.6 in the

southwestern and central Tibetan Plateau.

Negative bias values between ERA-Interim and STA

temperature were observed at the annual and seasonal

scales (Fig. 9). Changes of temperature were generally

significant during 1980–2012, and the time series of

temperature showed higher R with 0.889–0.932. At

the annual scale, STA temperature increased with

0.46Kdecade21 ( p , 0.01), but a lower rate of

0.17Kdecade21 ( p, 0.01) was noted for ERA-Interim.

For STA, spring temperature increased significantly

FIG. 6. Trends of annual and seasonal total precipitation for each pixel during the period 1980–2012 and their significance at the 0.05 level

(N. S. means no statistical significance) for (e)–(e) ERA-Interim data and (f)–(j) STA data.
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with 0.53Kdecade21 ( p , 0.01). The second were au-

tumn and summer temperatures, with 0.48Kdecade21

( p, 0.01) and 0.47Kdecade21 ( p, 0.01), respectively.

The warming trend of winter temperature was the low-

est with 0.37Kdecade21 ( p , 0.05). Trends of four

ERA-Interim seasonal temperatures were all less than

those of corresponding STA seasonal temperatures.

ERA-Interim spring, summer, and autumn tempera-

tures showed similar significant warming trends

(;0.2Kdecade21, p , 0.05) and their trends were all

greater than that of the winter temperature with only

0.03Kdecade21 ( p . 0.05).

Table 3 and Fig. 9 show that larger spatial variabilities

were observed in STD values of ERA-Interim temper-

ature, which were mostly 1.2–1.4 times greater than

those of STA temperature. The STD of ERA-Interim

and STA temperatures showed the largest difference in

summer and the smallest difference in winter. Although

the trends of all STD of ERA-Interim and STA tem-

peratures changed weakly, their STD presented oppo-

site trends in most cases. The slope values of

the ERA-Interim STD were all positive, suggesting in-

creasing spatial variabilities at the annual and seasonal

scales. However, STA STD only increased in winter.

Particularly, STA STD showed significantly decreasing

spatial variabilities at autumn and annual scales, with

0.08 and 0.06Kdecade21 ( p , 0.05), respectively.

Figure 10 shows the first three leading EOF modes

and corresponding PCs for ERA-Interim and STA an-

nual temperature. The percentages of the total variance

explained by the first three leading EOF modes were

about 73% for ERA-Interim data and over 82% for

STA data. Most regions of ERA-Interim and STA an-

nual temperature showed similar patterns in the first and

second EOF modes, although the percentages of total

variance had large differences (e.g., 46.9% vs 62.1% for

EOF1). The warming trends in China could be captured

by EOF1 of ERA-Interim annual temperature, but that

resulting from ERA-Interim was somewhat weaker

than that from STA, especially in high mountain areas.

Unlike the first EOF modes, EOF2 and EOF3 showed

large differences in southeast China. However, the PC2

and PC3 of ERA-Interim and STA annual temperature

presented relatively consistent changes. Particularly,

for four seasonal EOF modes, the corresponding

EOF modes between ERA-Interim and STA seasonal

FIG. 7. As in Fig. 2, but for mean temperature.
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temperature accounted for similar percentages of

total variance in spring and autumn, while relative

large differences of the percentages of total variance

were observed in summer and winter (Figs. S8–S11

in the supplemental material). The differences from

summer and winter could contribute more to annual

differences.

Figure 11 shows that spatial trend patterns of tem-

perature showed strong differences in some regions.

Significant areas of ERA-Interim temperature change

(.1Kdecade21, p, 0.05) are mainly located in eastern

coastal regions and western inland regions. Annual and

seasonal mean temperature of these areas warmed sig-

nificantly ( p , 0.05). Yet ERA-Interim winter mean

temperature presented a significant cooling trend

(.0.5Kdecade21) in north China during 1980–2012.

Compared with ERA-Interim temperature, the warm-

ing trends of STA temperature were much stronger over

the past 33 years, especially in western high mountain-

ous regions. Increasing trends of temperature exceeded

2Kdecade21 ( p , 0.05). There are STA temperatures

of some regions that presented significant cooling trends

with more than 0.5Kdecade21 ( p , 0.05), for example,

southwestern forest regions. In the Tibetan Plateau, the

STA winter mean temperature showed a significant

warming trend with 0.85Kdecade21 ( p , 0.05); how-

ever, the significant change in ERA-Interim winter

mean temperature was not observed.

4. Discussion

In this study, meteorological station data were first

converted into grid data, and then the evaluations were

investigated based on these grid data. However, some

suggested that the evaluations based on the station

data should be calculated, and then the elevation re-

sults were converted into the grid data. It is worth

noting that there is a debate for which methods are

more appropriate. Many studies suggest that it would

be more appropriate to grid the data first and then to

compare them (Ma et al. 2008; Zhao and Fu 2006a). An

important reason is that it is likely that climatic vari-

ables directly changing along with elevation have more

explicit physical meaning, and are much easier to make

sense of. The explicit physical meaning largely suggests

that methods and results are more robust.

FIG. 8. As in Fig. 3, but for temperature.
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Using STA data, this study examines the seasonal and

annual spatial patterns and trends of ERA-Interim

precipitation and temperature in China over the past

three decades. As we knew, verification of reanalysis

data is a very important issue. Previous studies gener-

ally used site-to-site means to validate the performances

of reanalysis data (Bao and Zhang 2013; Mooney et al.

2011; Szczypta et al. 2011), while in this study we em-

ployed the interpolated data based on ground obser-

vations (STA data) to evaluate the ERA-Interim

precipitation and temperature. Compared with previous

studies (Ma et al. 2008, 2009; Wu and Gao 2013; Zhao

and Fu 2006a,b; Zhou et al. 2016), our findings uncover

that ERA-Interim precipitation and temperature show

good agreement with STA data in east China with lower

elevation (,1000m above sea level), but the good

agreements are not observed in west China with higher

elevation.Also, at annual and seasonal scales,ERA-Interim

has larger precipitation amounts relative to STA

precipitation, and interannual ERA-Interim temper-

ature records have weaker warming trends compared

to corresponding STA temperature. Certainly, al-

though the strengths of interpolated data help us to

better understand the reliability of reanalysis data and

their feasibility in space, these interpolated data are

bound to derive some errors in the areas with sparse-

observed stations (Hutchinson et al. 2009). Many

studies have found that most of the interpolation

methods, including kriging, trend-surface regression,

and inverse-distance weighting, often perform well

over regions with lower elevation or relatively cov-

ered by dense stations (Yuan et al. 2015; Yue et al.

2016). Besides, unlike some previous studies in spe-

cific regions or seasons (Bao and Zhang 2013; Chen

et al. 2014; You et al. 2015), this study provides a greater

insight into the evaluation of the continuous temporal and

TABLE 3. The magnitudes of variability (using spatial STD) of temperature between ERA-Interim and STA data at seasonal and annual scales.

The mean and slope are the average and trend of each climatic variable during 1980–2012. An asterisk indicates significance at the 0.05 level.

Temperature

ERA-Interim spatial STD STA spatial STD

Mean (K) Slope (K decade21) Mean (K) Slope (K decade21)

Spring 8.1 0.04 6.4 20.01

Summer 7.8 0.05* 5.6 20.03

Autumn 8.1 0.05 6.8 20.08*

Winter 9.3 0.12* 9.4 0.06

Annual 7.8 0.04* 6.6 20.06*

FIG. 9. As in Fig. 4, but for temperature.
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spatial performances of ERA-Interim data in different

ecoclimatic regions and seasons in China. For example,

northwest China and southwest China both exhibited big

differences in annual and seasonal climate variables and thus

contributed more than the other three regions to the dif-

ference of entire China. The evaluations are very helpful for

improving our understanding of the uncertainties of ERA-

Interim data in the different regions and seasons of China.

To reduce the error of interpolated data, this study

uses 756 Chinese stations and 186 international stations

together to enhance the interpolation accuracy. A re-

cent study reported that mean absolute error of in-

terpolated data was decreased by an average of

0.68Cyr21 when stations of neighboring countries were

used in temperature interpolation (Ma et al. 2015).

Therefore, the use of stations of neighboring countries

could potentially improve the accuracy of our in-

terpolated data. Yuan et al. (2015) used 600 Chinese

stations and the thin-plate spline interpolation method

to generate daily gridded precipitation and temperature

datasets, and used 150 independent stations to validate

the performance of interpolated data. They reported

that large uncertainties were observed over northwest

China and southwest China (the Tibetan Plateau) be-

cause of inadequacies in observed networks and com-

plex orography. Similar issues could also inevitably exist

in our study. Overall, more caution should be taken,

especially in regions with higher elevation or sparse-

observed stations, such as some regions of northwest

China and southwest China.

The relationship between STA annual temperature

trends and the elevation was investigated in main-

land China (Fig. 12). A significant positive correlation

was found between the elevation and annual temper-

ature trends over the past 33 years. The warming rate

of annual temperature increase with height was

0.06K decade21 km21 ( p, 0.01). Below 3300m above

mean sea level (MSL), the warming rate of annual

temperature increasewith heightwas 0.07Kdecade21km21

(p, 0.01).However, thewarming rate decreasewith height

FIG. 10. As in Fig. 5, but for temperature.
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(slope 5 20.13Kdecade21km21; p , 0.01) was found in

the elevation of 3300–4300m MSL. Ecological resto-

ration in these regions increased the vegetation cover

and then altered the land surface biophysical proper-

ties, which could be responsible for the slowdown of the

warming rate (Fan et al. 2010; Shao et al. 2017; Tao

et al. 2014; Tudoroiu et al. 2016). Particularly, an am-

plified warming rate was observed above 4300m MSL.

It is possible that less snow and ice cover in high

mountains results in relative lower surface albedo and

then enhances further warming (Pepin and Losleben

2002; Pepin and Lundquist 2008). Some studies also

reported that the amplification of global warming in

high mountains was more sensitive (Beniston and

Rebetez 1996; Liu and Chen 2000).

ERA-Interim precipitation and temperature are in

good agreements with those of STA in eastern China

where elevation is generally lower than 1000m MSL, as

bias is closer to 0% and S index is generally greater than

0.5 for precipitation and 0.7 for temperature in our re-

sults (Fig. 13). However, large differences are observed

in mountainous regions, especially in the Tibetan Pla-

teau, with an average elevation above 4000m MSL.

These findings are consistent with recent studies that

comprehensively evaluate the performances of some

reanalysis datasets in the Tibetan Plateau (Fan et al.

2013; Feng and Zhou 2012; Gao and Hao 2014;

Gevorgyan 2013; Hu et al. 2013; Li et al. 2012; You et al.

2015). For example, a similar phenomenon is also found

in ERA-Interim predecessor ERA-40 (You et al. 2013;

Zhao and Fu 2006b; Zhao et al. 2008; Zolina et al. 2004).

FIG. 12. STA annual temperature changes and their corre-

sponding STD (the gray region) over elevation in mainland China.

The changes with the statistical significance ( p , 0.05) and corre-

sponding number of pixels in each 100-mbinwere only counted. The

double asterisks indicate significance at the 0.01 statistical level.

FIG. 11. As in Fig. 6, but for temperature.
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Using the data of themeteorological stations, Zhao et al.

(2008) investigated the relationship between topo-

graphic correction and reanalysis surface temperature

errors (NCEP-1 and ERA-40), and showed that the bias

was usually in proportion to the increase of local ele-

vation and topographical complexity. Gao and Hao

(2014) analyzed the difference between ERA-Interim

elevation and site elevation, investigated the relation-

ship between elevation difference and temperature bias,

and indicated that elevation difference could affect the

accuracy of reanalysis data, especially in regions with

higher elevation (the difference being generally more

than 0.5 or 1 km). They therefore suggested that an el-

evation correction for ERA-Interim temperature was

necessary before regional applications (Gao et al. 2017).

ERA-Interim data is based on USGS GTOPO30 data

(Dee et al. 2011). Particularly, the accuracy of

GTOPO30 data largely depends on the accuracy of

source data in each region, since GTOPO30 data are

a product of multisource data fusion, and their accuracy

is not uniformly consistent around the globe (Cowan

and Cooper 2005). Thus, the elevation-induced bias

could be responsible for the uncertainties of reanalysis

data (Gao et al. 2017; Zhao et al. 2008). On the other

hand, the ECMWF website offers a default spatial res-

olution grid of 0.758 and also offers a scheme of variable

spatial resolutions (ranging from a 0.1258 to 38 grid)

based on a bilinear interpolation technique without

considering DEM. This may induce a great uncertainty

in complex orography (Hutchinson et al. 2009; Liu et al.

2012; Price et al. 2000). Recent studies have mentioned

that the use of limited-area models nested within global

or regional climatic models or different statistical

downscaling methods might provide the ability to

resolve problems of complex orography (Gevorgyan

2013). Thus, a potential solution is to put a more accu-

rate DEM into climatic models or assimilation systems.

The SRTM DEM is a state-of-the-art DEM product so

far, which provides a homogeneous near-global DEMof

Earth from 608N to 568S, covering ;80% of Earth’s

landmass (Cowan and Cooper 2005). The SRTM data

are also used to update the older USGS GTOPO30

global DEM and replaces the wild guesswork of previous

data with actual measured values (Cowan and Cooper

2005). There are studies reporting that estimations based

on SRTM data show lower standard errors and higher

coefficients of determination than those obtained from

GTOPO30-based (Lyra et al. 2011) data. Theoretically, a

more accurate DEM is helpful for decreasing the bias of

estimations (Lyra et al. 2011; Zhao et al. 2008), but further

research is needed to address the impact of different

DEMs (e.g., SRTM and GTOPO30) on estimated cli-

matic variables at the coarser spatial resolution.

To obtain meaningful climatic variables, observed

surface pressure, 2-m air temperature, 2-m relative hu-

midity, and 10-m winds from stations were assimilated in

the reanalysis system (Dee et al. 2011). Certainly, these

observations assimilated in ERA-Interim are responsible

for the improvement of data quality. However, we must

note that data assimilation can fill the gaps by adding

physically meaningful information from forecast models,

but not without uncertainty (Dee et al. 2011). The un-

certainty, including errors of numerical simulation, as-

similation scheme, and observation system, can potentially

affect the abilities of ERA-Interim data in capturing real

climate features. Some studies thus indicate that to some

extent, to reflect the true state of the atmosphere, it is hard

to completely replace observations with reanalysis data

FIG. 13. Variations of S index and (a) number of pixels and (b) bias of precipitation and temperature with

elevation. The thick solid lines represent variations of annual climatic variables, and light solid lines represent

variations of seasonal climatic variables. The shaded areas represent the variability of annual precipitation (blue)

and temperature (pink).
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(Bengtsson et al. 2004; Li et al. 2012). For example,

Bengtsson et al. (2004) reported that ERA-40 data were

not suitable for long-term climate trend calculations. In

this study, we also find that interannual changes of annual

and seasonal ERA-Interim data do not correspond to

those of STA data.

By contrast, ERA-Interim temperature has a better

consistency with STA data than ERA-Interim pre-

cipitation. Two reasons may be responsible for this phe-

nomenon. First, accurate estimation of the hydrological

cycle in reanalysis presents a special challenge since it

involves many driving parameters in climatic models that

are constrained only indirectly by observations (Agustí-

Panareda et al. 2010; Dee et al. 2011; Di Giuseppe et al.

2013). Second, unlikeERA-Interim temperature products,

observed precipitation (e.g., gauge-based precipitation or

satellite-based precipitation) has not been assimilated into

the initial precipitation field (Dee et al. 2011). Commonly,

estimation of ERA-Interim precipitation is derived from

the forecast model, based on temperature and humidity

information produced from the assimilated observations

(Blenkinsop et al. 2015; Dee et al. 2011). Thus, errors of

temperature and humidity could transfer into predicted

precipitation via forecast model, and result in greater error.

5. Conclusions

Based on the STA data during 1980–2012, we verified

that ERA-Interim precipitation and temperature showed

better consistencies with STA data in eastern China with

lower elevation (S index . 0.5 for precipitation and S

index. 0.8 for temperature) than in western China with

higher elevation (S index , 0.4 for precipitation and S

index , 0.6 for temperature). At the regional and sea-

sonal scales, ERA-Interim temperature showed a stron-

ger agreement with STA temperature, but the similar

agreement was weakened in ERA-Interim precipitation

with STA precipitation. Besides, spatial patterns of EOF

modes and corresponding principal components were

evidently different between annual ERA-Interim and

STA precipitation. The study suggests that we should

consider the uncertainty of ERA-Interim precipitation

and temperature in higher-elevation regions when using

these data in specific studies.
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APPENDIX

Evaluation Metrics

The average difference between ERA-Interim variable

and STA variable (bias) and the skill score [S or S index,

being used to quantify the similarity of the distribution and

amplitude of the spatial patterns between ERA-Interim

variable and STA variable (Hirota et al. 2011; Taylor

2001)] were computed using the following equations:
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where XERA_i represents the ith year ERA-Interim cli-

matic variable; XSTA_i is the ith year STA climatic vari-

able; and XERA and XSTA represent the average of

multiyear XERA_i and XSTA_i, respectively, particularly

whenX is precipitation, a5 100%/XSTA. At this point, bias
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presents the relative differences between ERA-Interim

precipitation and STA precipitation. When X represents

temperature, the absolute differences in bias and RMSE

appear to bemoremeaningful in view of temperature being

measured at an interval scale. Thus, a 5 1. In the S-index

equation,R is the correlation coefficient between theERA-

Interim variable and STA variable, and SDR is the ratio of

the STD of the ERA-Interim variable against that of the

STAvariable at the spatial scale. The termXi represents the

ith year ERA-Interim or STA climatic variable, and X

represents the average of multiyear Xi. Additionally, X

should be converted to kelvin so as to spatially analyze the

differences. The analysis of variance (ANOVA) technique

was used to investigate the significance of spatial differ-

ences between ERA-Interim and STA data. The absolute

differences between ERA-Interim data and STA data

were analyzed at regional and national scales, respectively.

Besides, to more comprehensively reveal interannual var-

iability of climatic variables of ERA-Interim data and STA

data, we further analyzed correlations of interannual

changes, magnitudes of spatial variabilities, and the spa-

tiotemporal patterns of interannual variabilities. The R

value between time series was used to measure how well

ERA-Interim data matched STA data on the interannual

changes. The STD was employed to represent the mag-

nitude of variabilities. The EOF analysis was used to re-

veal the temporal and spatial patterns of interannual

variabilities (Björnsson and Venegas 1997). We used the

sampling error method to select the leading eigenvectors

(or modes) of EOF analysis and corresponding principal

components (North et al. 1982). The sampling error of the

eigenvalue Dl was defined as follows:

Dl
i
5l

i

ffiffiffiffiffiffi

2

N*

r

, (A5)

where li is the ith eigenvalue, and N* is the number of de-

grees of freedom. If two neighboring eigenvalues meet Eq.

(A6), it illustrates that the first i 1 1 leading modes are

valuable signalswith an explicit physicalmeaning. For easier

comparison, ERA-Interim and STA are forced to have the

same leading modes, which are decided by the minimum

number of leading modes between ERA-Interim and STA:
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The least squares method was used to solve the trends

(or slope values) of climatic variables at the spatial

scales (Wang et al. 2017):
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where Xi is the climatic variable of the ith year, Yi is the

temperature or precipitation of the ith year, and n is the

number of years. The statistical significance of the trends is

computed from the p value of the two-tailed Student’s t test.

In this study, a significant or very significant difference is

attained when the observed p value is less than 0.05 or 0.01

(the significance level). Conversely, if the p value is greater

than 0.05, the difference is regarded as having no statistical

significance.
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