Reviewer #1

General Comment: This paper compares surface air temperatures over China from
observations and many atmospheric analyses, and seeks to improve understanding of
biases in terms of deficiencies in the representation of forcing factors in the
assimilating models used by the analyses. It shows that the effects of homogenising
the observations are small compared with the differences between the analyses and
the observations. It merits publication, but requires improvement to the presentation
and discussion of results.

Response: Thanks for your high recommendation of our submission. Following your
and Comment#2 constructive suggestions, the revised manuscript has been sent out
for Professional English editing and we have carefully checked the revised paper and
made the logic of Abstract concise and the logic of the revised paper smooth.
Especially, we re-edited the Sections Discussion and Conclusions to make them
clearer. We re-plotted new Fig. 3 to be more readable for readers. Below please find
our point to point response to your comments.

Specific Comments:
1)
Comment: The language is generally clear, but needs a little sub-editorial refinement.

Response: Thanks, the manuscript has been sent out for Professional English editing
and we have carefully made some language editing in the revised paper.

2)

Comment: Page 3, lines 44 to 50. ERA-20CM uses a newer version of the ECMWF
model and sea-surface temperature analyses that are more homogeneous over time
than ERA-Interim. The comparability of its pattern of trend biases with that of
ERA-Interim cannot solely or necessarily be ascribed to its use of an ensemble
technique. Note also that ERA-20CM used perturbed sea-surface temperature
analyses, and did not include perturbations of the prescribed CMIP5 forcing. As such,
classifying its approach as a “perturbed physical ensemble technique” does not seem
appropriate.

Response: Thanks for your providing such information.

ERA-20CM includes the same forcing as CMIP5, please see Table 1 and website
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-20cm-model-inte

grations.

We revised it in the Abstract: The use of the ensemble technique adopted in the
twentieth-century atmospheric model ensemble ERA-20CM significantly narrows the



https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-20cm-model-integrations
https://www.ecmwf.int/en/forecasts/datasets/reanalysis-datasets/era-20cm-model-integrations

uncertainties associated with regional warming in reanalyses (standard
deviation=0.15<C/decade).

The detailed evidence was added in the Section Discussion: Although it does not
incorporate surface air temperature observations, ERA-20CM presents a pattern (with
a mean of -0.04 <C/decade and a standard deviation of 0.15<C/decade; Figs. 5 and 8)
that is comparable to those of ERA-Interim and JRA-55 and better than that of
ERA-20C (mean of -0.08<C/decade and standard deviation of 0.20<C/decade;
Figs. 5 and 8), which uses the same forecast model as ERA-20CM. These results
imply that ensemble forecasting could be used to meet important goals. The
ensemble forecasting technique used in ERA-20CM also displays advantages in
that it yields an improved simulated pattern of biases in the trends in Ry (SD=1.84
Wm™/decade, 171%), precipitation frequency (SD=2.78days/decade, 122%) and Lq
(SD=1.25 W m™/decade, 82%) (Fig. 8).

3)
Comment: Page 4, line 58. Satellites should be included in the list.

Response: Added as suggested: ...from a variety of sources, such as surface stations,
ships, buoys, radiosondes, airplanes and satellites.

4)

Comment: Page 4, line 66. The models used to produce reanalyses do more than fill
gaps in observations.

They are important for the quality control and bias adjustment of observations, which
is especially important when merging the information provided by many different
types of observation.

Response: Thanks for your providing such information, which was added in the lines
96-104 of the revised paper: These reanalyses produce global gridded datasets that
cover multiple time scales and include a large variety of atmospheric, oceanic and
land surface parameters, many of which are not easily or routinely observed but are
dynamically constrained by large numbers of observations from multiple sources
assimilated using fixed NWP models. During the data assimilation, prior information
on uncertainties in the observations and models are used to perform quality checks,
to derive bias adjustments and to assign proportional weights. Therefore, such
reanalyses add value to the instrumental record through their inclusion of bias
adjustments, their broadened spatiotemporal coverage and their increased
dynamical integrity or consistency.

5)



Comment: Page 5, lines 83 to 92. MERRA-2 should be included in this list.

Response: Added as suggested: ...and the National Aeronautics and Space
Administration, the Modern-Era Retrospective Analysis for Research and
Applications (MERRA) (Rienecker et al., 2011) and its updated version, MERRA-2
(Reichle et al., 2017).

6)

Comment: Page 8, line 150, and in later places, including the labelling of figures. It
is wrong to label the century-scale analyses that assimilate only surface pressure (and
perhaps surface wind) observations as “climate quality” compared with the shorter
“NWP” reanalyses that assimilate comprehensive sets of observations. Climate
quality is something that has to be demonstrated, and is not just a matter of the type of
reanalysis that is carried out. The ERA-Interim and JRA-55 “NWP” reanalyses give
the best climate trends for surface air temperature, as the paper shows over China. The
century-scale reanalyses still suffer from changes in observations over time, as the
number of surface pressure and wind observations has increased enormously over the
past one hundred or more years. Also, these reanalyses use sea surface temperature
and sea ice analyses that depend on observations that have changed over time.
Moreover, their avoidance of upper-air observations means that their climatological
states are more subject to model biases than in “NWP” analyses in which observations
help determine these states. The term “climate quality” should not be used to
categorize some of the reanalyses for which results are presented.

Response: Thanks for your comments. Following the BAMS paper of Dee et al.,
(2014), we labeled them as ‘NWP-like reanalysis’ and ‘Climate reanalysis’ in the
revised paper and all the figures.

Reference: Dee, D. P., M. Balmaseda, G. Balsamo, R. Engelen, A. J. Simmons, and J.
N. Thépaut, 2014: Toward a consistent reanalysis of the climate system. Bull. Am.
Meteorol. Soc., 95, 1235-1248.

7)

Comment: Page 10, lines 184 to 192. It would be helpful for the reader to be
informed how many of the 2200 or so stations provide data that are exchanged
globally under the auspices of WMO. ERA-Interim and JRA-55 analyse surface air
temperature data from those stations for which data are transmitted internationally,
and perhaps some additional data to which they have access for early years, but data
from a significant fraction of the 2200 or so stations were probably not used by these
reanalyses. It would also be helpful to know whether the observational data used in
this study are publicly available to anyone who might wish to carry out such a study,
or for use in future reanalyses.



Response: Data at approximately 2400 stations are conditionally exchanged with the
China Meteorological Administration, publicly unavailable. Since 1961, only 194 out
of approximately 2400 stations are for global exchange (please see:
http://data.cma.cn/en/?r=data/detail&dataCode=SURF_CLI CHN_MUL_DAY_CES

_V3.0). This information was added in the line 196.

Note also that 824 out of approximately 2400 stations should be downloaded for the
China Meteorological Administration for certain usage
(http://data.cma.cn/data/cdcdetail/dataCode/SURF_CLI_CHN_MUL DAY _V3.0.htm
I, in Chinese).

8)

Comment: Page 11, line 213 and pages 47 and 48. Table 1 needs some correction and
tidying up. ERA-20CM did not use a 4D-VAR assimilation system as it was an
ensemble of model runs. It used prescribed sea surface temperature and sea-ice
analyses, but they were not produced by 4D-VAR. One column is headed “Related
assimilated surface observations”, but the entry for ERA-Interim includes reference to
upper-air observations, and that for MERRA-2 includes reference to aerosol
observations that are not surface ones. It is stated that ERA-Interim assimilated “land
surface temperature” data. It did not. It did analyse “surface air temperature data over
land”, which is not the same variable. As discussed below in comment (10) it is
probably better to refer to these data as analysed not assimilated.

Response: Thanks for your providing such information. We revised the main text and
tidied up Table 1.

In Table 1, we corrected the column head ‘Related Assimilated Surface Observations’
as ‘Related Assimilated and Analysed Observations’, ‘land surface temperature’ as
‘near-surface air temperature’ in ERA-Interim, ‘4D-VAR’ as ‘3D-VAR’ in
ERA-20CM and so on. For most surface observations in reanalysis, we used
‘analysed’ instead of ‘assimilated’ where appropriate in the revised paper.

9)

Comment: Page 11, line 222. Surface pressure observations are not distributed
homogeneously in space or (especially) time. Also, sea surface temperature and sea
ice analyses are not of homogeneous quality, due to observational changes. See also
comment (6).

Response: Thanks for your suggestion. We corrected it as ‘relatively effective’.

10)
Comment: Pages 12 and 13, lines 246 to 251. The explanation of what ERA-Interim


http://data.cma.cn/en/?r=data/detail&dataCode=SURF_CLI_CHN_MUL_DAY_CES_V3.0
http://data.cma.cn/en/?r=data/detail&dataCode=SURF_CLI_CHN_MUL_DAY_CES_V3.0
http://data.cma.cn/data/cdcdetail/dataCode/SURF_CLI_CHN_MUL_DAY_V3.0.html
http://data.cma.cn/data/cdcdetail/dataCode/SURF_CLI_CHN_MUL_DAY_V3.0.html

and JRA-55 do could be clearer. A background surface air temperature, at a height of
two metres, is produced using a processing of the model-level background forecast
with the help of Monin-Obukhov similarity profiles. The observations of surface air
temperature are then analysed using a relatively simple analysis scheme. It is best not
to use the word assimilated as the two-metre temperatures do not affect the starting
atmospheric state for the next background forecast. But they are not simply
postprocessed products either — in contrast to the products from other reanalyses.
Some information is retained (assimilated) in that where appropriate the increments in
surface temperature and corresponding ones in relative humidity are used to update
soil temperature and humidity, and these do carry over into the next background
forecast. It is nevertheless probably better to refer to the observations as analysed
rather than assimilated.

Response: Thanks for your providing valuable information, which was added in lines
260-264: However, the T, in ERA-Interim and JRA-55 are post-processing products
by a relatively simple analysis scheme between the lowest model level and the
surface and are analysed using ground-based observations of T,, with the help of
Monin-Obukhov similarity profiles...

11)

Comment: Page 18, line 375. The better performance of ERA-Interim and JRA-55 is
described as “ mainly due to the post-processing of assimilated surface air
temperature” . If this statement is retained is should read “mainly due to their analysis
of surface air temperature data”, as discussed in comment (10). The statement is
probably correct, but do the authors have evidence that this is the case? Perhaps
ERA-Interim and JRA-55 simply have a better background forecast of surface air
temperature due to other aspects of their data assimilation system. If the statement is
to be retained, it needs to be backed up by showing that the background forecast
surface air temperatures from ERA-Interim and JRA-55 are not significantly better
than the surface air temperatures from the other reanalyses. In that case, analysing the
surface air temperature observations must be the main reason they provide a better
product.

Response: Corrected in the revised paper as suggested: perhaps due to their
analysis of surface air temperature observations in ERA-Interim and JRA-55
(Table 1).

12)

Comment: Page 19, lines 383-385. It should be noted that CERA-20C used a newer
model cycle than ERA-20C, and some problems that were found to affect ERA-20C
were fixed in CERA-20C. So CERA-20C’ s better performance than ERA-20C cannot
be ascribed entirely to the use of a coupled forecast model and data assimilation.



Response: Thanks for your information, and we added such information in the
revised paper: perhaps related to the inclusion of coupled climate forecast models
and data assimilation, as well as the assimilation of surface pressure data in
CERA-20C (Fig. 3 and Table 1).

13)

Comment: Page 19, line 389. The type of analysis presented in section 3.3 needs to
be interpreted carefully when it comes to ERA-Interim and JRA-55. This is because
their surface air temperature products involve analyses of surface air temperature
observations, and values depend on the analysis increments to the background as well
as to contributions via the background forecasts from key physical factors that
influence surface air temperature. For example, the sentence in lines 475 to 477 on
page 23 reads as if the trend biases in surface air temperature have contributions from
biases in various physical forcings. But in ERA-Interim and JRA-55 such biases in
physical forcing will tend to be counterbalanced by the changes the observations bring
to the background forecasts. The balancing will not be perfect, so ERA-Interim and
JRA-55 may inherit some of the deficiencies in forcing, but these deficiencies are
likely to be much weaker than would be the case if surface air temperature
observations had not been analysed.

Response: Thanks for your information, and we added such information in the end of
Section 3.4: Note also that the incorporation of the observed changes in surface air
temperatures in ERA-Interim and JRA-55 may introduce biases into the trends in the
output T, values; however, the use of partial correlation and regression analysis would
lead to smaller impacts of the biases in these physical variables in quantifying their
contributions to the trends in T,.

14)

Comment: Pages 21 and 22, lines 443 to 445. Again (see comment (11)) it is asserted
that the better performance of ERA-Interim and JRA-55 is due to the assimilation
[analysis] of surface air temperature [observations]. This is almost certainly part of
the story, but unlikely to be the only reason these two reanalyses perform better than
the others. A phrase such as “in part, at least,” is needed after the word “due”.

Response: Corrected as suggested.

15)

Comment: Page 28, line 28. It is stated that “only vegetation is included as
climatology”. This is wrongly worded. Perhaps the authors mean “vegetation is only
included as [a] climatology”. A number of fields other than vegetation are specified
climatologically.



Response: Corrected as suggested in the lines 623-625: In the reanalyses, vegetation
is only included as climatological information, but the vegetation displays a growth
trend during the study period of 1979-2010 within China (Fig. S23).

16)
Comment: Page 29, lines 607 to 614. | simply do not understand this paragraph.

Response: We revised this paragraph: We consider the degree to which the ensemble
assimilation technique can improve the spatial patterns of the biases in the trends in
Ta in the reanalyses. We find that this technique can detect the biases in the trends in
Ta over more another approximately 12% (8%o) of the grid cells in CERA-20C,
which incorporates 10 ensemble members (NOAA 20CR2vc and NOAA 20CR2v
employ 56 ensemble members) (Figs. 5 I-n). However, the biases in the trends in Ta
over these grid cells are not significant at a significance level of 0.05, according to
Student’s t-test, implying that the ensemble assimilation technique cannot explain the
spatial pattern of the biases in the trends in Ta identified in this study (in Figs. 5 I-n).

17)

Comment: Pages 29 to 30, lines 615 to 626. It is misleading to label the models used
for the century-scale reanalyses “climate models” and the models used for shorter
reanalyses “NWP models”. The same ECMWF models are used for the two types of
reanalysis, apart from a tendency for more recent reanalyses to use newer model
versions.

Response: Thanks for your comments. Following the BAMS paper of Dee et al.,
(2014), we labeled them as ‘NWP-like reanalysis’ and ‘Climate reanalysis’ in the
revised paper and all the figures.

Reference:

Dee, D. P., M. Balmaseda, G. Balsamo, R. Engelen, A. J. Simmons, and J. N. Thépaut,
2014: Toward a consistent reanalysis of the climate system. Bull. Am. Meteorol. Soc.,
95, 1235-1248.

18)

Comment: Page 30, lines 629. The reference to ERA-20CM is incorrect, as its
circulation is not controlled by pressure data. No meteorological observations are
assimilated in ERA-20CM.

Response: Thanks for your good comment and we corrected it in lines 675-677: In
ERA-20CM, the atmospheric circulation patterns are influenced by SSTs and sea ice
and then partly mediate the influence of global forcings on the trends in T,.



19)

Comment: Page 32, line 682. High temporal resolution in situ and satellite
observations of precipitation are available only for recent years, so their use in
reanalysis to refine trend estimates will be limited until longer time series of
observations have been accumulated.

Response: Thanks for your comment. We delete this part.

20)

Comment: Page 33, lines 690 to 692. See comment (2) regarding the nature of the
perturbations applied in ERA-20CM.

Response: Thank you very much. Please see Comment #2.

21)

Comment: Page 33, line 704. It is not clear why the Argo system is mentioned here,
as it is not primarily an observing system for SST and sea ice, and data have been
available in substantial numbers for little over a decade, posing a problem for
homogeneity.

Response: Thanks for your comment. We delete it.



Reviewer #2

General Comment: The study attempts to assess the value of various global
reanalysis products over the Chinese domain by comparison to a homogenized set of
station data. The overall approach is logical. The findings with regards to which
reanalyses products are high quality are in line with existing understanding. Some
effort to understand the potential thermodynamic and boundary condition causes of
differences are interesting and novel although could be presented much more simply.
It is clear that a huge amount of effort has been undertaken to access and analyse a
wealth of data. As such, the authors are to be commended on a substantive body of
work. However, | have some concerns around aspects of the analysis and presentation.
The work may be publishable in ACP following revisions if they satisfactorily address
my concerns.

Response: Thanks for your effort to evaluate our submission and high
recommendation. Below please find our point to point response to your comments.

Specific Comments:
1)
Comment: Treatment of observations

The main issue with the analysis is the treatment of a single homogenized series of
temperature observations as constituting a ‘truth’ against which it is possible to make
definitive resulting assessments of the reanalyses products. In reality no single
approach to homogenization of observations can ever yield a perfect reconstruction of
the true evolution of the observed variable. Therefore the observations even after
homogenization cannot be treated as a demonstrable truth against which definitive
statements of reanalysis quality can be made. In cases where offsets between the
observations and reanalysis are substantive it is relatively simple to diagnose that
there must be an issue in the given reanalysis product as, although imperfect, the
uncertainty in the observations can be reasonably bounded. However, many of the
differences between candidate reanalysis products and the homogenized reanalyses
instead fall into the grey zone whereby the difference is smaller than, or of
comparable magnitude to, the potential residual uncertainty in the homogenized
series.

The authors could address this point by collecting the substantive family of
homogenized temperature station series that have been created over China over the
past decade or so and comparing the full family of homogenized series to the full
family of reanalyses products. This would serve to substantially strengthen their
overall analysis under the assumption that the family of homogenized products and
the family of reanalysis products both consist of random draws from the parent
distributions of possible homogenized / reanalyzed series. Without undertaking such a



step, although the work may just about be publishable, its utility will be substantively
compromised.

Similarly, the observations of the studied covariates (cloudiness, rainfall, radiation
etc.) must be uncertain. Again, when differences are substantive inferences can be
made without issue. It is when distinctions between the reanalyzed and observed
fields are small that interpretation becomes difficult. In such cases the remaining
uncertainties in the observations of the covariates limits what inferences can be made.

Response: Thanks for your comments.

Yes, you are right. Single homogenized series is impossibly perfect. In the revised
paper, the Student’s t-test was conducted to difference between reanalysis and
homogenized series for considering both uncertainties at the significance level of 0.05.
This information was added in the lines 313-315.

We are keeping cooperating with several Chinese groups, each of which conducts
temperature data using different homogeneous methods. These dataset can not be used
simultaneously in this study, because they are not of the same time period and
identical station, and do not include homogeneous datasets of studied covariates
(cloudiness, precipitation frequency, radiation etc.) in this study.

Furthermore, only using the homogeneous time series (not including adjusted time
series) at the significance level of 0.05, it can show almost the same results as those
from all the time series in the revised paper (see Fig. 5).

2)
Comment: Clarity of analysis

In many places the text is hard to follow. This mainly arises through choices as to
how to structure the sections and individual paragraphs and this makes it hard as a
reader to follow the logical arguments being made by the authors.

The abstract, in particular, is hard to follow as submitted. Efforts at restructuring to
make more clearly the arguments the authors wish to put forwards would increase the
value of the piece.

The methods section isn’t entirely clear and in some places it is questionable whether
sufficient detail is given to allow replicability. In particular the set of seven equations
is given without sufficiently clear justification and without detail as to whether these
are applied gridpoint-wise, smoothed etc.

In the results, the continual listing of regions and reanalyses in different contexts is
confusing and hard for a reader to unpick. Greater use of figures and / or tables may
serve to improve the messaging aspects here. | find myself trying to connect 12 sets of
dots to get a feeling how each reanalysis performs in each aspect in each region and
then compare all the joined dots in my head but the problem gets way too big to do so



very quickly. The authors have done a huge amount of analysis but the choice of
primarily describing in text without tabular and / or visual ways of summarizing the
interconnectedness arguments being made is an impediment to reader understanding.

| find the results, discussion and conclusion sections to be substantively overlapping.
These sections would benefit from substantive redrafting and reordering. The results
should outline what is found. The discussion should highlight the principal findings
and implications. The conclusion should be at most 2-3 paragraphs of key take away
messages. Presently the results and discussion feel repetitive and the current
conclusions feel to me more like a discussion.

Finally, the text would benefit from substantial input from a native English speaker if
available. | am always in two minds over such a comment because | am acutely aware
| could write to nothing like the standard in any other language. The authors therefore
have my greatest respect for not only undertaking the science but writing it in a
second language. But, equally, if the authors wish to have impact they would be
served by careful input from a native speaker and it would be remiss of me not to
suggest this.

Response: Thanks for your detailed comments. Following your constructive
suggestions, we have carefully checked the revised paper and made the logic of
Abstract concise and the logic of the revised paper smooth. Especially, we re-edited
the Sections Discussion and Conclusions to make them non-overlapping.

We added more details in the Section Method 2.4 to make it easier to follow: To
further investigate the relationship between the spatial distributions of the biases in
the trends in T, and the relevant parameters among the twelve reanalysis products, the
weighted total least squares (WTLS) is adopted, in which the spatial standard
deviations and correlations of pairs of variables on 1<1°grid cells were included
(Reed, 1989;York et al.,, 2004;Golub and Van Loan, 1980;Hyk and Stojek,
2013;Tellinghuisen, 2010).

In the Monte Carlo method, the grid index for the 11 =grid cells over China, which
ranges from 1 to 691, is generated as a random number. On this basis, we can
sample the spatial pattern in the biases in the trends in T,, Rs, Lg and precipitation
frequency.

We re-plotted the Fig. 3 to be clearer for reader, especially using different markers for
both grouped reanalyses.

Again, following Comment #1 and your suggestions, we have sent out the revised
paper for Professional English editing and we have carefully made some language
editing in the revised paper.

3)

Comment: Figure suggestions



For the reader it is important that you explicitly define the regions. | would add a new
Figure 1 consisting of a map of China in which the different regions are clearly
demarcated. The regions are listed in the caption of Figure 1 but there is nothing I can
see in Figure 1 which actually denotes this.

Almost all figures use a rainbox colour scale which is inaccessible to those who are
colour-blind, which is a not inconsiderable proportion of the population. Numerous
colour-blind friendly colour schema are available and consideration should be made
as to their use to improve accessability.

I find many figures hard to understand. The authors are trying to pack a lot of
information into these and in many cases because they are postage stamps this is hard
to see and interpret. I find Figure 8 particularly difficult and, if I am honest, even after
spending 10 minutes trying to understand it suspect that | do not. If you make the
reader work this hard they will give up and move on. In general work on making the
figures more intuitive and accessible would help enormously.

Response: Thanks for your constructive comments. Please see the region division in
the Fig. 1c and its corresponding figure caption.

We have made much efforts to try but fail to adopt various colorbars for three
variables (RGB composite) instead of rainbox colourbars. We also found quite a few
literatures used the same rainbox colorbars to plot three variables, e.g., published in
Science (Nemani et al., 2003) and Nature (Seddon et al., 2016).

We re-plotted the Fig. 3 to be clearer for reader, especially using different markers for
both grouped reanalyses. We re-wrote all the relevant figure captions including the
caption of Figure 8 to be concise for easy getting main information.

Reference:

Nemani R R, Keeling C D, Hashimoto H, et al. Climate-driven increases in global
terrestrial net primary production from 1982 to 1999[J]. Science, 2003, 300(5625):
1560-1563.

Seddon A W R, Macias-Fauria M, Long P R, et al. Sensitivity of global terrestrial
ecosystems to climate variability[J]. Nature, 2016, 531(7593): 229.
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Abstract
Reanalyses have—beenare widely used because they add value to the-routine
observations by generating physically or /dynamically consistent and spatiotemporally

complete atmospheric fields. Existing studies have—extensively—diseussedinclude

extensive discussions of the-thekr temporal suitability of reanalyses—_in glebal-change

studystudies of global change. This study mevesferward-enadds to this existing work

by investigating the-their suitability_of reanalyses in studies of-fer regional climate

change, in which—study—where land-atmosphere interactions play a mere

comparatively important role. Hereln this study, surface air temperatures (T,) from 12

current reanalysis products were—are investigated,—foeusing—en; in particular, the

spatial patterns of F,—trendstrends in T, are examined; using homogenized

measurements of T, madefrom-—1979-t6-2010 at ~2200 meteorological stations in

China—Resultsa from 1979 to 2010. The results show that ~80% of the F;—mean

differencesmean differences in T, between the reanalyses and the in-sitwin situ

observations are-can be attributed to_the differences in elevation between the stations

and_the model-grid-elevationmodel grids-differences;-denoting-geod-skill-in. Thus, the

T, ehimatolegy—climatologies display good skill, and_these findings rebutting the

previoushyrepertedprevious reports of F.-biasesbiases in T,. However, the F,-trend

biasesbiases in the T, trends in F,in-the reanalyses display-spatial-divergencediverge

spatially (standard deviation=0.15-0.30 C/decade at-using 11 “gridsgrid cells). The

simulated F.—trend—biasesbiases in the trends in T, correlate well with those of

precipitation frequency, surface incident solar radiation (Rs), and atmospheric
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downward longwave radiation (Ly) ameng-iramong the reanalyses (r=-0.83, 0.80 and

0.77;; p<0.1)-with_when thetheir spatial patterns_of these variables are considered.

Over-southern-China_T—the T.-trend-biasesbiases in the trends in T, over southern

China {by-erderof(which-are-on the order of -0.07 T/decade) are caused by-the trend

biases—in—Rsbiases in the ftrends in Ry, Ly and the—frequency—of

precipitationprecipitation frequency{by-erder-of on the order of 0.10<C/decade,}—tq

{by—order—of -0.08T/decade, ) —and—precipitation—frequency—{by—order—ofand

-0.06 <T/decade, respectively).-Overnorthern-China T;-the F,-trend-biasesbiases in the

trends in T, over northern China {by—erder—of(which—are—on the order of

-0.12 <C/decade)-jeintly result jointly from those in Ly and precipitation-freguencythe

frequeney—of —precipitationprecipitation frequency. Therefore, improving the

simulation of precipitation—frequencythe—frequency—of precipitationprecipitation
frequency and Rs helps to maximize_the regional-climatesignal-compenentsignal

component corresponding to regional climate. Besides—In addition, incorporating

vegetation dynamics in reanalyses and_the use of accurate aerosol information, as in

the Modern-Era Retrospective Analysis for Research and Applications, version

2hAERRAD (VIERRA-2Medern-Era—Pekespective—Analbsis Tor DPecearch—and

Apphcations—version-2), would weuld-advanceresuttin-lead to improvements in the

regionalwarming-medelingmodelling of regional warming. The use of the eEnsemble

technique {adopted In—ERA-20CM—a_the— twentieth—eenturytwentieth-century

atmospheric model ensemble_ERA-20CM—witheut——which—dees—notinclude—the

assimilating-assimilation-efebservations;) significantly narrows the regionalwarming



61

62

63

64

65

66

67

68

69

70

71

72

73

wheertaintiesuncertainties associated with regional warming in reanalyseis (standard

deviation=0.15<C/decade). Besides;,—the—F,—trend—biases—show—hegative—spatial
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1. Introduction
Observations and models are two fundamental approaches te—used in the
understanding of climate change. Fhe-eObservations—directly provide a direct link

with—to the climate system via measuring—instruments, whereas—and models has

provide an indirect link by-invehsdngand include information received-derived from

measurements, prior knowledge and theory.—

A large number of meteorological observations have been accumulated—including.

These measurements, which are derived from a variety of sources, such as surface

stations, ships, buoys, radiosondes, airplanes and satellites, record gquantities that

include near-surface and upper-air temperatures, humidity, wind and pressure-from-a

They constitute a major source of atmospheric information through the depth of the
troposphere but suffer from incomplete spatiotemporal coverage and ebserved

errorobservation errors, including systematic, random and representative

representation errors. Recent satellite-based observations have much better coverage

but; however, they suffer from other_notable limitations, including-retabhy temporal

inhomogeneitiesy (e.g., satellite drift) and retrieval errors (Bengtsson et al., 2007).

These space-thme-spatiotemporally varying gaps restrict the effective application of

observations alone-to-beeffectivehrapphied in climate research.

To fill in the gaps in-the observations, a-models is-are needed. Fhe-Such models

cah can be very simple—e-g—; examples of simple models include linear interpolation
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or geo-statistical approaches that are based on the spatial and temporal autocorrelation

of the observations. However, these models lack the necessary dynamical_or /physical
mechanisms. With-Given the steady progress in-theof numerical weather prediction

(NWP) models in eharacteringcharacterizing the-the global atmospheric circulation in

the early 1980s (Bauer et al., 2015), an-eriginalthe first generation of ‘reanalyseis”
waswas achieveproducedd by combining observations and dynamic models to provide

the first global atmospheric datasets avatable-for use in scientific research (Bengtsson

etal., 19823, b).

After realizing the great value of this kind of reanalysis fer—in atmospheric
research, a step forward waswas taken with the suggestion made by Bengtsson and
Shukla (1988) and Trenberth and Olson (1988) that most meteorological observations
should be optimally assimilated under a fixed dynamical system over a period of time
long enough to be useful for climate studies. In this way, available observations are
ingested by advanced data_-assimilation techniques to provide a continuous initial
state for an the-NWP model to produce the next short-term forecast;-t. This procedure
thus generating—generates physically consistent and spatiotemporally complete
three-dimensional atmospheric fields that are updated in light of observations.

Under—thisTaking this suggestion as a guide, and given the improvements that

have been made since the mid-1990s in the integrity of the observations, the models

and the assimilation methods used, successive generations of atmospheric reanalyses

established by several institutes have improvements-improved in quality-with-better
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mid-1990s. These_reanalyses include the first two generations of global reanalyses
from-produced by the National Centers for Environmental Prediction—-f, NCEP-R1

(Kalnay et al., 1996) and NCEP-R2 (Kanamitsu et al., 2002)} and the reanalyses

produced by; the European Centre for Medium-Range Weather Forecasts (ECMWF)-f,
ERA-15 (Gibson et al., 1997), ERA-40 (Uppala et al., 2005), and ERA-Interim (Dee
et al., 2011b);}; the Japanese Meteorological Agency, —fJRA-25 (Onogi et al., 2007)
and JRA-55 (Kobayashi et al., 2015);} and the National Aeronautics and Space

Administration—f, the Modern-Era Retrospective Analysis for Research and

Applications (MERRA) (Rienecker et al., 2011) and_its updated version, MERRA-2

(Reichle et al., 2017)}.

These reanalyses produce_global gridded datasets that cover multiple time

-scalesd;-global-gridded-datasets-including and include a large variety of atmospherice,

sea—oceanic and land surface parameters, many of which are not easily or routinely

observed but are dynamically constrained by a-great-numberlarge numbers of muttiple

sourced—observationsobservations from multiple sources assimilated whder—ausing

fixed NWP models. During the data assimilation, prior information abeut—on
uncertainties in_the observations and models are used for-to perform quality checks, to
derive bias adjustments and to assign-their proportional weights. Therefore, such

reanalyses add value to the instrumental record in—the—aspeets—efthrough their

inclusion of bias adjustments, their broadened spatiotemporal coverage and their

increased dynamical integralityintegrity or /consistency.

Previous studies have revealed that such reanalyses have contributed significantly
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to a more detailed and comprehensive understanding of the dynamics of the Earth’s
atmosphere (Dee et al., 2011b;; Kalnay et al., 1996;; Nguyen et al., 2013;; Kidston et
al., 2010;; Simmonds and Keay, 2000;; Simmons et al., 2010;; Mitas and Clement,
2006). Extensive assessment studies have reported that most reanalyses have-display a
certain level of performance in_terms of their absolute values (Betts et al., 1996:; Zhou
and Wang, 2016a;; Betts et al., 1998), interannual variability (Lin et al., 2014;;
Lindsay et al., 2014;; Zhou and Wang, 2017a, 2016d;; Wang and Zeng, 2012),
distributions (Gervais et al., 2014;; Heng et al., 2014;; Mao et al., 2010) and
relationship-ef-inter-s among variables (Niznik and Lintner, 2013;; Cash et al., 2015;;
Zhou et al., 2017;; Zhou and Wang, 2016a;; Betts, 2004) over regions worldwide.

However, these aspects of reanalyses still containthere-are-stit certain errors-in-these

aspects so-as-tothat restrict their general use_of reanalyses, especially fer-in climate
applications.

These errors emerging—indisplayed by reanalysis products ean—be-surmmarized
intearise from three sources: observation error, model error and assimilation error
(Thorne and Vose, 2010;; Parker, 2016;; Lahoz and Schneider, 2014;; Dee et al., 2014;;
Zhou et al., 2017). SpeeialySpecifically, the—observation error incorporates
systematic_and /random errors in instruments and its-their replacements, errors in data

reprocessing and representative-errerrepresentation error—in, which arises due to the

spatiotemporal incompleteness_of observations (Dee and Uppala, 2009;; Desroziers et
al., 2005);-the-m. Model error-mainty refers mainly to the inadequate representation of

physical processes in the-NWP models (Pefa and Toth, 2014-; Bengtsson et al., 2007),
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e-g=such as the lack of time-varying setting-of-surface conditions-f, such as vegetation
growth (Zhou and Wang, 2016a;; Trigo et al., 2015)} and incomplete
cloud-precipitation-radiation parameterizations (Fujiwara et al., 2017;; Dolinar et al.,

2016):—the—a. Assimilation error invelvesdescribes—mapping errors that arise in the

mapping of the model space to the observation space and errors in the topologiesy of
the-cost functions (Dee, 2005;; Dee and Da Silva, 1998;; Lahoz and Schneider, 2014;;
Parker, 2016).

These reanalyses_mentioned above consist of the true climate signal and the seme
nonlinear interactions among the observation error, the model error, and_the
assimilation error that arise during the assimilation process. These time-varying errors
can thus-introduce a-fictitiousspurious trends without being eliminated by the-data
assimilation systems. Many spurious variations in the-climate signals have-were been
alsealso —identified in the earhy-early-generation reanalyses (Bengtsson et al., 2004:;
Andersson et al., 2005;; Chen et al., 2008;; Zhou and Wang, 2016d, 2017a;; Zhou et
al., 2017:; Schoeberl et al., 2012;; Xu and Powell, 2011:; Hines et al., 2000:; Cornes

and Jones, 2013). Therefore,-the reanalyseis_produced-tnder using-the-guide—of the

existing reanalysis strategy may not accurately capture-the climate trends (Trenberth

et al., 2008), even though_they may contain having-a-relatively accurate estimates of

synoptic or interannual variations ef-in the Earth’s atmosphere.
An emerging requirement for climate applications of reanalysis data is the
accurate representation of decadal variability, further increasing the confidence in the

estimatione of climate trends. This kind of climate reanalysis is required to be-to-great
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extent free, to a great extent, fromef other spurious non-climatic signals introduced by

changing observations, imperfect-modelmodel imperfections and assimilation error;

etokeep-the-thme-consisteney; that is, they must maintain temporal consistency.

Therefore, the extent to which the—estimate—of-cclimate trends by—echmatecan be
assessed using reanalyseis ean-be-reatized—attractsattracts much attention and sparks
heated debates (Thorne and Vose, 2010;; Dee et al., 2011a;; Dee et al., 2014;;
Bengtsson et al., 2007).

With-Given the great progress_that has been made in climate forecasting models

(which provide more accurate representations of climate change and variability) and

coupled data assimilation,-a-tet-ef many efforts haves been made by several institutes

to build the—consistent climate reanalyseis under—the—climatestrategy—thatusing the

strateqy of assimilating_a relatively fewsmall number of-but high-quality long-term

observational datasetss. The climate reanalyses of this nNew generation ef-climate

reanalyses—extend back to the late nineteenth century and areinclude the Climate

Forecast System Reanalysis (CFSR), which is-frem produced by the National Centers

for Environmental PredictionfGFSR (Saha et al., 2010)};; NOAA 20CRv2c, which is

produced by the University of Colorado’s Cooperative Institute for Research in
Environmental Sciences (CIRES)-together in cooperation with the National Oceanic
and Atmospheric Agency (NOAA)-NSAA20CRv2e (Compo et al.,, 2011);} and

fERA-20C (Poli et al., 2016), ERA-20CM (Hersbach et al., 2015) and— CERA-20C

(Laloyaux et al., 2016), which are} produced by the ECMWFERA-20C{Peli-ctals
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Compo et al. (2013) suggested that the NOAA 20CRv2c reanalysis can reproduce the
trend in global mean surface air temperatures. In addition, the uncertainties estimated
from multiple ensembles are provided to increase the confidence of the climate trends
(Thorne and Vose, 2010;; Dee et al., 2014).

From-the NWP-like reanalyseis to climate reanalyseis, existing researchesstudies
maitnly—foeus—enfocus mainly on comparing the differences in temporal variability
between the reanalyses and observations; using some statistical metrics, e.g., the mean
values, standard deviations, interannual correlations, probability density functions and
trends of surface air temperature over regions worldwide. These evaluations actuaty
provide ar-insight into the temporal evolution of the Earth’s atmosphere. However, i

faeksthey lack the performance evaluations-ef used in reanalyseis in representing_the

spatial patterns of these statistics associated with the role of_the coupled
land-atmosphere and dynamical processes of the climate system. Moreover, the
assessment of these spatial patterns provides a direct way-temeans of examininge the
most distinguished-prominent advantage of reanalyseis-that over-the geo-statistical
interpolation-dees—not-have—and-thereby; thus, the assessment-of-the-spatial patterns

rerains-te-berequire comprehensively investigationed.

Using-This study employs the-highhy-densehigh-density station-based datasets_of

guantities including surface air temperatures (T,), the surface incident solar radiation
(Rs), the surface downward longwave radiation (Lg), and precipitation measuredfrom

1979-t6-2010 at ~2200 meteorological stations_within China from 1979 to 2010-over

China;—this-study-—provides. It provides a quantitative examination of the simulated

11
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patterns of F~variatiopsvariations in T, frem-in both the the-NWP-like andte climate

reanalyses—ineluding and considers the —climatology, the interannual variability, the

mutual relationships—between among relevant quantities, the long-term trends and
their controlling factors. The results identified-indicate the strengths and weaknesses
of the current reanalyses when applied inin regional climate change studies and

provide possible ways to improve_these reanalyses in the near future.

2. Data and Methods

2.1 Observation-DataObservational Datasets

The latest comprehensive daily dataset (which contains averages at 0, 6, 12, and
18 UTC)_of quantities—inetuding that include T,, precipitation, sunshine duration,
relative humidity, water vapor pressure, surface pressure and the cloud fraction from
approximately 2400 meteorological stations in China from 1961 to 2014, eut-of which
only approximately 194 participate infer global exchanges, wasis obtained from the

China Meteorological Administration (CMA;; http://data.cma.cn/data). Approximately

2200 stations with complete and homogeneous data wereare selected for use in this

study (Wang and Feng, 2013:; Wang, 2008;; Wang et al., 2007). The hHigh density of
meteorological stations in China is-beneficial-topromotes the representation of-and
assess-the-simutated-skitl-of regional patterns in surface warming by reanalyseis_and

the assessment of the skill of simulations.

The-Rs values based on the revised Angstrém-Prescott equation (Wang et al.,”

2015;; Yang et al., 2006;; Wang, 2014) was-are used in this study. The derived R has

12
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250 | ecensideredvalues consider the effects of Rayleigh scattering, water vapor absorption
251 | and ozone absorption (Wang et al., 2015;; Yang et al., 2006) and can accurately reflect
252 | the impaet-effects of aerosols and clouds on R over China (Wang et al., 2012;; Tang

253 | et al., 2011). Several intensive studies have reported that the derived Rs values can

254 | accurately depict the interannual, decadal and long-term wvariances-ofvariations in Rs
255 | (Wang et al., 2015;; Wang, 2014;; Wang et al., 2012).

256

(R 55 OS5 0 TR )

<

257 Fhe-Lq is typically estimated by first determining the clear-sky radiation and
258 | atmospheric emissivity (Brunt, 1932;; Choi et al., 2008;; Bilbao and De Miguel, 2007),
259 | and then correcting for the cloud fraction (Wang and Liang, 2009;; Wang and

260 | Dickinson, 2013). The derived L4 values can directly reflect the greenhouse effect of

261 | atmosphere—wateratmospheric water vapor and clouds. Additionally, a precipitation
262 | event was-is defined as_daily-ene-day-with— precipitation of at least 0.1 mm-dathy in
263 | this study, which was—has been shown as—to provide a good indicator—in

264 | reflectingindication of the effects of precipitation-impact on_the interannual variability

265 | and trends ef-in T, (Zhou et al., 2017). {a-all;Taken together, the derived Rs and Lg4

266 | values are able to physically quantify the effects of solar radiative-effecton and_the

267 | greenhouse effect on surface warming. Precipitation—frequencyThe—frequencyof

268 | precipitationPrecipitation frequency can regulate the partitioning of available energy

269 | into latent and sensible heat fluxes; and then-thus modulates the varianee-efvariations

270 | in T, (Zhou et al., 2017;; Zhou and Wang, 2017a).

271 2.2 Reanalysis Products
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Ad-theAll of the major global atmospheric reanalysis products were-are included
in this study (Table 1). The reanalyses were-are summarized below frem-in terms of
three aspects, i.e., the observations assimilated,—_and the forecast model and

assimiated—methodassimilation method used. The NWP-like reanalyses assimilated

many ef—multi-soureed—conventional and satellite datasets from multiple sources

(Table 1);—whose—spatiotemporal—errors—vary—with-—time; to characterize the basic

upper-air atmospheric fields; the spatiotemporal errors of these datasets vary with

time. In particular, the ERA-Interim and JRA-55_reanalyses incorporate some
observations of T, and the MERRAZ2 reanalysis includes aerosol optical depth
estimates from satellite retrievals and model simulations based on emission

inventoriesy, whereas most_of the other_reanalysess use-the climatological aerosols

(Table 1). To derive-teng-term consistent_long-term climate signals, the new strategy
that-adopted by climate reanalyses adept-is—teinvolves the assimilation of a small

number ofe-few-but relatively effective ebservationsobserved variables, e.g., surface

pressure (Table 1). Except for ne-its lack of the assimilation of surface pressure,
ERA-20CM has-employs the same forecast model and external forcings as ERA-20C
(Table 1);se; thus, the inclusion of ERA-20CM here-in this study will provide-an
insight into the suitability of current atmospheric reanalyses in regional-warming

studhiesstudies of regional warming. The reanalyses adopt different sea surface

temperatures (SSTs) and sea ice concentrations for different time periods, maybe
leadingwhich may lead to temporal discontinuities in the climate signals derived from
the reanalyses (Table 1). To address this issue, the boundary conditions in-the CFSR is

14
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are generated—byderived from its coupled ocean-sea ice models instead of the
observations (Table 1). Fhe-CFSR, NOAA 20CRv2c and NOAA 20CRv2 use the
monthly greenhouse gases (GHGs) with annual means near the-those used in CMIP5:-.

On the other hand, in the-ERA-Interim-has-a-slowerincrease-of-, the GHGs increase

more slowly than_in the-CMIP5 after 2000;-. Finally, the-NCEP-R1 and NCEP-R2
adopt constant global mean_concentrations of the GHGs (Table 1).

The forecast model is a fundamental component of a reanalysiis that provides the
background fields to the assimilation system. Fhe-Different reanalyses #n-anproduced

by a single institute generally use similar-but—updated physical parameterizations;

however, updated versions of these parameterizations and higher spatial resolutions

are used in_the newer generations of these realizations (Table 1). The assimilation

methods adopted by the current reanalyses incorporate variational methods (3D-Var

and 4D-Var) and the Ensemble-ensemble Kalman fFilter (EnKF) approach (Table 1).—

The 2-m T, in NCEP-1, NCEP-2, MERRA, MERRA-2, ERA-20C, ERA-20CM,
CERA-20C, NOAA 20CRv2c, NOAA 20CRv2 and CFSR are model-derived fields-as
a_that are functions of the surface skin temperature-and-the, the temperature at the

lowest model level, the vertical stability and the surface roughness-that-were, which

are—primarily constrained_primarily by observations of upper--air variables and_the
surface pressure (Kanamitsu et al., 2002;; Rienecker et al., 2011;; Reichle et al., 2017;;
Poli et al., 2016;; Hersbach et al., 2015;; Laloyaux et al., 2016;; Compo et al., 2011;;

Saha et al., 2010). Yet—However, the T, valyes—in ERA-Interim and JRA-55 are
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poest-processing—products—byresult—fromare  post-processing perfermedproducts

byusing a relatively simple analysis-interpolationanalysis scheme between the lowest

model level and the surface and are; anahyzedanalysed with-using seme-ground-based

observations of T;—with-the-help—of combined-with the help of Monin-Obukhov

similarity profiles consistent with the model’s parameterization of the surface layer
(Dee et al., 2011b;; Kobayashi et al., 2015). Additionally, radiation calculations are
diagnostically determined from the prognostic cloud condensate microphysics

parameterization, and__the cloud macrophysics parameterization assumes a

maximum-random cloud overlapping seene-scheme (Saha et al., 2010;; Dolinar et al.,
2016).
2.3 Method Used to Homogenize the Observed Time Series

FhepProblems related to the observational infrastructure (e.g., instrument-aging
ageing and changes in observing practices) and station relocations can also lead to
false time-temporal heterogeneity in time series. Therefore, it’s—it is necessary to
diminish the impact of data homogenization on the trends in the observed variables
during the study period_of 1979-2010.

We used the RHtests\VV4 software package (Wang and Feng, 2013) to detect and
homogenize the breakpoints in the monthly time series. The package inveolves
includes two algorithms:—. Specifically, the PMFred algorithm is based on the
penalized maximal F-test (PMF) without a reference series (Wang, 2008), and the
PMTred algorithm is based on the penalized maximal t-test (PMT) with a reference
series (Wang et al., 2007).—
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In this study, we first used the PMFred algorithm to find-identify potential

reference series at the 95% significantJlevelsignificance level. Fher—we-We then

reconstructed homogenous series for each inhomogeneous series by—using the

following steps: 1) horizontal and vertical distances from the inhomogeneous station

of less than 1108km_km-herizentaty—distant—rom—the—nrhomegenesus—station and
5000m_m—vertical-height—difference, respectively, are specified;—; 2) correlation

coefficients-ever-0:9 of-between the first-order difference in the homogeneous series

with that in the inhomogeneous one_exceeding 0.9 are required:-; and 3) the first ten

homogeneous series was—are inverse-distance-weightedhy—averagedaveraged using

inverse distance weighting-as_to produce a reference series for the inhomogeneous

onestation. Finally, we apphied-apply the PMTred algorithm to test al-theall of the
inhomogeneous series with-using the nearby reference series-nearby. Several intensive

researchesstudies werehave been conducted to-shew-athat indicate-geod-performance

of the PMTred algorithm_displays good performance —in detecting change points of

in inhomogeneous series (Venema et al., 2012;; Wang et al., 2007).

If the-a breakpoint is_found to be statistically significant, the quantile-matching
(QM) adjustment in RHtestsV4 is recommended for making adjustments to the time
series (Wang et al., 2010;; Wang and Feng, 2013)-based-er; in such cases, the longest
available segment from 1979 to 2010_is used as the base segment. The QM
adjustment aims to match the empirical distributions from all of the detrended

segments with_that of the specific base segment (Wang et al., 2010). In addition, we
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replicated the procedures above for the_sparsely distributed—sparse stations over

western China anrd-Fibetanand the Tibetan Plateau.-—Reeenthyt The PMTred algorithm

with-and the QM adjustment-was_have recently been-suceessfutly used successfully to

homogenize climatic time series (Aarnes et al., 2015;; Tsidu, 2012;; Dai et al., 2011;;

Siswanto et al., 2015;; Wang and Wang, 2016;; Zhou et al., 2017).

As such, the significant breakpoints—ever—1092—eut-6f2193(49.8%)stations

wereare detected and adjusted at a confidence level of 95% at 1092 of the 2193

(49.8%) stations for the T, time series;; 1079 out-efof the 2193 (49.2%) stations for
the Rs_time series;; 64 eut-ofof the 2193 (2.9%) stations for precipitationfrequencythe

frequency-of precipitationprecipitation frequency time series;; 971 eut-ofof the 2193

(44.2%) stations for the Ly time series;; 944 eut-ofof the 2193 (43.0%) stations for the

water vapor pressure_time series;; and 956 eut-ofof the 2193 (43.6%) stations for the
cloud fraction_time series.
2.4 Trend Calculations, Partial Linear Regression, and Total Least Squares

The bias, roet-mean-sguare-root mean squared error (RMSE), standard deviation

and correlation coefficient (r) wereare used to assess the absolute value of T,. The
trends in T.Frends—in—F, and the relevant variables wereare calculated using the
ordinary least squares method (OLS) and the two-tailed Student’s t-test. To determine

whether the reanalyses contain trend-biashiases in these trends-exists-inreanalysis, the

two-tailed Student’s t-test wasis also applied to the differences-ef in the time series
between_the reanalyseis and_the homogeneous observations.
The partial least squares approach wasis used to investigate the net relationship of
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between the detrended T, values withand the relevant variables (Rs, Ly and

precipitation—frequencythe—frequeney—of precipitationprecipitation frequency) after

statistically excluding the confounding effects among_the relevant variables (Zhou et

al., 2017). To evaluate_the potential eelinearcollinearity of independent variables in

the regress—modelregression model, the variance inflation factor (VIF) wasis

calculated. The VIFs for R, precipitation—frequencythe—frequency—of

precipitationprecipitation frequency and Lq wereare less than 4.-e-g-. Specifically, the

VIFs—of for China of 2.19-ferChina; is much less than the threshold of 10, above
which the collinearity of the-regress—medelregression models is bound to adversely
affect the regression results (Ryan, 2008).

The Pearson correlation analysis—coefficient wasis used to reveal the spatial

relationship ef—TFbetween T, with—+relevant~variablesand the relevant variables. To

further investigate the relationship ef-between the spatial distributions of the F,-trend

biasespiases in the trends in T, with-and the relevant parameters among the twelve

reanalysis products, the weighted total least squares (WTLS) _metric-wasis adopted, in
which the spatial standard deviations and correlations of beth-pairs of variables at-on
11 “gridsgrid cells were-are included (Reed, 1989;; York et al., 2004;; Golub and
Van Loan, 1980;; Hyk and Stojek, 2013;; Tellinghuisen, 2010):

o(x)=1/5} 1)

o(y) =15} )

W = a(X) - o(y;)
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3

19

[ BHRRMN: Tk

R




403

404

405

406

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

U, =% -3 x) /3 0w) @

Vi=y- Sy /3 ) ©

U, b-V r
W [——+ — —(b-U, +V,) ——
B .[w(yi)+w(xi) (b-U; +V) ,—w(xi).w(yi)] (6)
Zn:Wi'ﬁi'Vi
b= @)
ZWi'IBi'Ui

where x; and y; are the median trends in x and y-variable (ineluding-e.9., To and; Reand

so—on) atfor the i reanalysis product; & o, and r; are_the spatial standard

deviations and correlations of the trends in x and y-variables—at for the i reanalysis
product;; f; is the least_-squares-adjusted value-and; W; is the weight of the residual
error;; and b is the slope estimated by iterative methods with a relative tolerance of
107,

The Monte Carlo method with 10000 experiments wasis applied to estimate the

90% confidence intervals of the slope b. In the Monte Carlo method, the grid index

for the 1=<1°grid cells over China-is-generated-as—randem-number—-e-—the, which

ranges from 1 _to -691,—grid-index—for-the- 1< =grids-ever-China is generated as a

random number—based-on-which-we-could-, On this basis, we can sample the spatial

pattern in the trends—biases—inbiases in the trends in Ta, R, Lg and precipitation

frequencythe—frequency—of —precipitationprecipitation  frequency. Fhen—we

calewlatedWe then calculate the median trends and their spatial standard deviations

and correlations for each experiment; used in the WTLS.
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3. Results

3.1 Dependency of Surface Air Temperature DifferencesBiases on Elevation

Differences-Bependeney-of-Surface-Al-Temperatire-Blas

Fig. 1 illustrates the differences in T, from the NWP-like reanalyseis and climate

reanalyseis relative to the homogenized station-based observations over China during

the period-19period of 1979-2010. H-directhy-compareWhen the T, values measured at

the stations are compared directly with those at-in the corresponding model gridsgrid

cells—and—stations, the_results indicate that the reanalysis products exhibit—an

underestimated-underestimate T, over most_of the regions efin China (by -0.28<C to

-2.56 C-n-China)-especiathy. These discrepancies are especially pronounced over_the

Tibetan Plateau—{-2+#5C+te—706<C) and Middle China, where the underestimation

ranges from-2.75<C to -7.00C and from {-1.19<C to -2.91<C, respectively} (Fig. 1
and Table 2). A homogeneous adjustment of 0.03-<C3C from the raw T, observations
is insufficient to cancel the underestimation of T, by the reanalyses (Fig. 1 and Table

2). Fhe-sSimilar reswlts—ofbiases in T, within various regions worldwide bias-have

been widely reported by previous studies-ever+egions-worldwide (Mao et al., 2010;;

Pitman and Perkins, 2009;; Reuten et al., 2011:; Wang and Zeng, 2012;; Zhou et al.,
2017;; Zhou and Wang, 2016a).

However, we found that the spatial patterns in the differences in T, are well
correlated with the elevation differences between models and stations, as reflected by
with correlation coefficients (r) of 0.85 to 0.94 (Figs. 2 and S1);-which-is-in. These
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results are in accordance with the reports from NCEP-R1, NCEP-R2 and ERA-40
(You et al., 2010;; Ma et al., 2008;; Zhao et al., 2008). The elevation differences
(AHeight;-Fig; Figs. 2 and S1) between_the stations and_the model grids consists of the

filtering error in_the elevations used in the spectral model—elevations (Af) and

differences in_the site-to-grid elevations (As) due to_the complexity of the orographic
topographyy. We further guantified-quantify their-the relative contributions of these

factors to the T, differences. The elevation differences can explain approximately 80%

of the T, differences—ameng—which; approximately 74% is from-produced by the
site-to-grid elevation differences, and approximately 6% is frem-produced by the

filtering error in the elevations used in the spectral model-elevatiens (Fig. 2).

One—can—Ffind—thattThe regressed—eoefficientregression coefficient of the

differences in T, is approximately 6 <C/1ikm_km, near-which is similar to the lapse

rate at_the surface (Fig. 2). Fhe-lLapse rate values-ever that exceed 6 <C/1ikm km can

be seen everTFibetanover the Tibetan Plateau (shown as red dots in Fig. 2-in-red-dets).
This result is very consistent with the reported lapse rates over China (Li et al., 2015;;
Fang and Yoda, 1988). In addition, the deereasingrate-rate of decrease in_the model
filtering error is approximately 4<C/1itkm_km among the twehvwe—reanalysistwelve
reanalyses (Fig. 2). These results-abeve have an-important implications for a-geedthe

skill inthe-simulation—ofof the simulated T, ehimatelogy-climatologies of-F, in-the

twelve reanalyses over China.
3.2 Comparison of Regional-scale Surface Air Temperature Series
Fig. 3 shows-the Taylor diagrams of annual T, anomalies from the observations
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and reanalyses over China and its seven subregions. We feund—find that the

correlations-efannual-F.—anomalies between_the annual T, anomalies in the twelve

reanalysistwelve —produetreanalysis products and the observations are prettily

reasonably strong-with, as reflected by a median r of 0.95 (Fig. 3), despite of-the

relatively weak correlations ever—Tibetanover the Tibetan Plateau-fer associated with
NCEP-R2 (r=0.24) and CFSR (r=0.53). The simulated time series of T, anomalies
over eastern China are depicted most accurately by the reanalyses (Fig. 3c-g).

Overall, the NWP-like reanalyses (denoted by numbers 3-7) have-adisplay better
skill than the climate reanalyseis (denoted by numbers 8-14) at-this—aspectin this
regard (Fig. 3). Fhe-ERA-Interim and JRA-55 has-display the best performance in the
simulated time series of T, anomalies over China (r=1.00, RMSE=0.05<C) and the

seven regions (r=0.98, RMSE=0.1<C) (Fig. 3), may-beperhaps due to theiranalysisthe

incorporationtheir analysis of surface air temperature observations in ERA-Interim

and JRA-55 (Table 1).
Compared-withing the T, values from MERRA2 te-and MERRA shows that; we
found-that the- MERRAZ2 has-andisplays improved performance over nNorthern China

by-an, as reflected by an inereasing-increase in the correlation coefficient of 0.1 and a

reduction in theed RMSE of 0.1<C (Fig. 3)—+maybe. This result may occur because the

MERRAZ2 includesé the-time-varying aerosol loadings (Balsamo et al., 2015;; Reichle

etal., 2011). However, this-eireumstaneethe incorporation of this information does not

improve the results over Southeast China (Fig. 33kh).
Fhe—CERA-20C—has—a_ displays better performance than ERA-20C and
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ERA-20CM, may-be-perhaps related to an-the inclusion of coupled climate forecast

models and data assimilation, as well as the assimilation of surface pressure

assimilated-data in CERA-20C (Fig. 3 and Table 1). Fhe-NOAA 20CRv2c and NOAA
20CRv2 have—adisplay moderate performance in this aspeet—regard (r=0.8,

RMSE=0.3-—E3<C) (Fig. 3), and the former_reanalysis-has_displays no improvement

ind performance, despite-ef-the_its use of new boundary conditions (Compo et al.,
2011).
3.3 Key Factors Regulating Regional Temperature Change

This section discusses key factors controlting-that control regional temperature
change from a-the perspective of energy balance and its partitioning. The R heats the

surface, and the_portion of this radiation that becomes the sensible heat flux-surface

heats the air near the surface-by-partitioning-into-sensible-heat-flux (Zhou and Wang,

2016a;; Wang and Dickinson, 2013:; Zhou and Wang, 2016b). FhepPart of the energy
absorbed by the surface is released back to sSpace as outgoing longwave radiation;

some—of-whiech; some of this radiation is reflected by clouds and is influenced by

atmospheric water wapervapor, further warming the near-surface air (Wang and

Dickinson, 2013),. This process is known as_the greenhouse effect-{quantified-by-the

Lq) on T4 and is quantified by Lg. EXxisting studies have suggested that precipitation

frequencythe—frequency—of precipitationprecipitation frequency is—a-betterfactorin

guantifyingbetter represents the interannual variabitity—efvariability in soil moisture

over-in China than_the precipitation amount (Wu et al., 2012;; Piao et al., 2009;; Zhou

et al., 2017;; Zhou and Wang, 2017a)and-then; in turn, soil moisture ehanges-affects
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vegetation growth and—surface—eharacteristiecs— drives changes in surface

characteristics (e-g—e.g., surface albedo and roughness). These changes would-alter

the partitioning of available energy fer-regulatingand thus regulate-the changes in Ta.—

Figs. 4 illustrates the partial relationships between the annual_anomalies in T, and

Rsanemalies, the-precipitation-frequenecyfrequeney-ofprecipitation frequency and Lg-

Resultsy. The results show that the—T, has—is consistently positively eerrelations

correlated with the-Rs (except over the Tibetan Plateau) and Lg-but-has-; however, it is

consistently negatively eerrelations—correlated with precipitation—freguencythe

frequencyof precipitationprecipitation frequency in _the observations and the haelve

reanalysistwelve —produetreanalysis products (Fig. 4). Based on the observations, the

interannual varianee—efvariations in T, is—are jointly determined by precipitation

frequencythe—frequency—of precipitationprecipitation frequency and Ly in Northeast

China and_the northern part of Northwest China (Fig. 4). All of the reanalyses roughly
capture these factors over these regions, ewven—although having—they display
differences in_the relative magnitudes (Fig. 4). Specifically,-e- ERA-20CM, NOAA

20CRv2c, NOAA 20CRV2 and CFSR exhibit eomparably-comparable relationships of

T, with precipitation—frequencythefrequencyof precipitationprecipitation frequency

and Lg—but; however, MERRA, MERRA2, NCEP-R2, ERA-20C, and CERA-20C

exhibit—overestimatedoverestimate the relationships—ef between T, with—and

precipitation—frequencythe—frequeney—of precipitationprecipitation frequency, and

ERA-Interim, JRA-55, and NCEP-R1 present—overestimated—overestimate the
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relationships of T, with Ly over these regions (Fig. 4).
Over the North China Plain and Middle China, the interannual wvarianee
ofvariations in T, is—are_jointly determined by Rs, the—precipitation—frequencythe

frequency—of precipitationprecipitation frequency and Ly (Fig. 4). The reanalyses

roughly capture_the effects of these three factors on T,—despite—of, although they
display diverse combinations (Fig. 4). Among these combinations, the—JRA-55,
MERRA2, ERA-20CM and ERA-Interim is-are comparable to the observations over
these regions (Fig. 4). Over Southeast China, the interannual variance-ofvariations in
T, is—are_primarily regulated by L4, the—precipitation—frequencythe—frequency of

precipitationprecipitation frequency and Rs (Fig. 4). The reanalyses exhibit slightly

overestimated relationships of T, with Ry and underestimated relationships with the

precipitation-frequeneythe-frequency-of precipitationprecipitation frequency (Fig. 4).

OverTibetanOver the Tibetan Plateau, the interannual variance-ofvariations in T,

is—are regulated by Rs and the—precipiation—frequeneythe—frequency——of

precipitationprecipitation frequency (Fig. 4). Mest—reanalysMost of the reanalyses

roughly capture the combinations of these factors; but exhibit a-certain differences in

the relative impaet—effects of Ry and the—precipitation—frequencythe—frequencyof

precipitationprecipitation frequency on T, (Fig. 4). MERRA, MERRA2, NOAA

20CRv2c and NOAA 20CRv2 overestimate the relationships of T, with Rs ever
Fibetanover the Tibetan Plateau (Fig. 4).

Overall, the spatial patterns of the simulated partial correlation of T, with Rs in
the reanalysis products are significantly correlated with those from—seen in the
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observations—{; r=0.13-0.35—_(p<0.05) for the NWP-like reanalyseis-and, and larger
values of r=0.24-0.41,— (p<0.05) are obtained for_the climate reanalysis)es,—and.

Moreover, the spatial patterns in the sensitivity of T, to Rs exhibit the-significant

correlations_(r=0.12-0.17, p<0.05) for mest—clmate—reanalysmost of the climate

reanalyses——¥=0-12-0-17—p<0:05) (Table 1)._ The—frequency—of

preeipitationPrecipitation frequency—F displays the largest spatial correlations

(r=0.16-0.43, p<0.05) of the sensitivity of T, te-with these three relevant parameters

in the reanalyses-is-found-to-the-precipitation-frequency-(r=0-16-0.43,p<0.05) (Table

3). Fhe-sSignificant spatial correlations ef-reflecting the relationships (including the
partial correlation and sensitivity) of T, with Ly wereare also found (Table 1).
3.4 Regional Warming Trend Biases and Their Causes

From 1979 to 2010 over China, Fhe-T, exhibits strong warming trends of

0.37—7<C/decade (p<0.05) infrem the observations and 0.22-0.48—<C8<C/decade
(p<0.05) ameng-in the twelve reanalyses from-1979-t0-2010-over-China-(Figs. 5 and
S2-S3, Table 2). Fhe-ERA-Interim and JRA-55 have-display spatial correlations with
the observations (r=0.47 and 0.54, p<0.05) _that are due at least_partly-due to the
inclusion of some T, observations, whereas NCEP-R2 and ERA-20C perform-display
the worst performance (Figs. S3, Tables 1 and 3). Furthermore, approximately 87% of

the observed_trends in T, trend-over China can be explained by the greenhouse effect

(i.e.,_65% can be explained by the trend in Ly—65%), theprecipitation—fregueneythe

frequency-of precipitationprecipitation frequency (29%) and Rs (-7%, due to_the trend

in radiative forcing of -1.1 W-m?/decade) (Figs. S3-4). The influence of the
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greenhouse effect onf the observed_trends in T, trend-mairhy-consists mainly of the
trends in the atmospheric water vapor (42%) and the cloud fraction (3%) (Fig. S5).

Among the reanalyses, over 90% of the F.—trendstrend in T, can be explained by

greenhouseby the greenhouse effect, the—precipitation—frequencythe—frequencyof

precipitationprecipitation frequency and Rs (Figs. S4-6). Specifically, ERA-Interim,

JRA-55, MERRA and MERRAZ2 present-display the best ability ef-capturingto capture

these contributions of the greenhouse effect (48% to 76%), the—frequency—of

precipitationprecipitation frequency (22% to 34%) and Rs (-4% to 13%) to the ¥,

trendtrend in T, over China—frem-greenhouse-effect{48%-to76%)the-precipitation
frequency—(22%to—34%)and-R.—(-4%1t0-13%) (Figs. S4 and S6). The remaining

NWP-like reanalyses (i.e., NCEP-R1 and NCEP-R2) largely—substantially

overestimate_thed contribution_—of the-R; to the F.—trendtrend in T,, whereas the

climate reanalyses overestimate_the contributiond-that from the-L4 (Figs. S4 and S6).
However, the-averaged trends acress—a-targe-territoryover large areas may mask

regionally-ditferentregional differences-values;+eflecting that reflect diverse regional

warming biases and their causes (Figs. 5-7).-Evidently,— The mean-adjusted spatial

patterns of the trend-biases-inbiases in the trends in T, show-consisteneyappear to be

consistent among the twelve reanalyses (Fig. S7) and mimic_the spatial patterns in the
overestimated Rs trends over the North China Plain, South China and Northeast China

(Fig. S8), with—given their spatial correlations between these variables in fest

reanalysmost of the reanalyses (r=0.11-0.42, p<0.05) (Figs. 6 and S7-8, Table 3).

HewbeitHowever, the reanalyses still underestimate the F.-trendtrends in T, over most
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of the regions,—ene—of—important—reasons—for—which. The key reason for this

underestimation—is_is the increase in precipitation—frequencythe—frequency—of

precipitationprecipitation frequency over Northwest China, the Loess Plateau, and

Middle China forseen in the NWP-like reanalyses and that seen over bearder-broader

regions fer-in the climate reanalyses (Figs. 5-6 and S9). This_relationship is reflected
by their negative spatial correlation,—with _which has a maximum value of -0.62
(p<0.05); for MERRA} (Table 3). Moreover, the decrease in Lg, which occurs due to
the decreases in the atmospheric water vapor and cloud fraction_that occur in the
NWP-like reanalyses (Figs. S10-12), substantially cancels the warming effect of the

overestimated-overestimation of Rs on T, over eastern China (Figs. 5 and S7). The

opposite changes occur over Southeastern China in the climate reanalyses (Figs. 5 and
S10). Fhis-The effect of the changes in Ly is reflected by theirits spatial correlations
of up to 0.50 (p<0.05) (Table 3).

Here, we further guantified—quantify the contributions ef-to the trend-biases

abiases in the trend in T, made by those in Rs, Ly and the-precipitationfrequencythe

frequeney-of preeipitationprecipitation frequency among the twelve reanalyses over

China and its seven subregions (Figs. 6-7). Over China, the overestimated Rs trends

(by 0.00-3.93 W-m™/decade;,-Fig; Figs. S8 and S13) ean-increase the F-trendstrends

in T, (by 0.02-0.16<C/decade—Fig; Fig. 7) in—twelvein the twelve reanalyses; the;
underestimated Ly trends (by -0.25 to -1.61 W-m?%decade for the NWP-like
reanalyses-—Fig; Figs. S10 and S15) ean-decrease the F,-trendstrends in T, (by -0.05 to
-0.25<C/decade for the NWHP-like reanalyses,—Fig; Fig. 7); and_the biases in
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620 | precipitation—frequeneythe trends in the—frequency—of precipitationprecipitation

621 | frequency—trends—biases (by approximately -1.5 days/decade for the NWP-like
622 | reanalyses and approximately 2.6 days/decade for the climate reanalyses—Fig; Figs.
623 | S9 and S14) ean-decrease the Fa-trendstrends in T, (by 0.01 to 0.05<C/decade for the
624 | NWHP-like reanalyses and -0.01 to -0.06 <T/decade for the climate reanalyses—Fig; Fig.

625 | 7)-whichjeintly. Together, these effects produce an underestimate in the-make-the T,

626 | trepdstrends in T, underestimated-yon the order of 0.10<C/decade in—reanalysin the
627 | reanalyses (Fig. 7 and Table 2).

628 Over northern China, trend-biases—inbiases in the trend in To—primarily result

629 | primarily from those in  precipitation—frequenecythe—frequency—of

630 | precipitationprecipitation frequency and Ly (Figs. 6-7). Over Northeast China;

631 | observations, the observations exhibit an amplified warming of 0.41—<C1<C/decade

632 | (p<0.05-Fig; Fig. 4 and Table 2);-whieh. This warming is significantly underestimated
633 | by NCEP-R1, JRA-55, NOAA 20CRv2 and NOAA 20CRv2c (by on the order of
634 | -0.15C/decade) and is overestimated by MERRA and CFSR (by_on the order of

635 | 0.2<C/decade) (Figs. 6-7). These F.trend-biaseshiases in the trends in T, ir+eanalysin

636 | the reanalysis are jointly explained with—by the warming (0.04-0.48<C/decade)

637 | induced by the underestimated trends in precipitation—frequencythe—frequency—of

638 | precipiationprecipitation frequency and the cooling (-0.04 to -0.42<C/decade)

639 | induced by the underestimated trends in Lq (Fig. 7).

. . . _ ) e [?ﬁ%ﬁ&ﬁ:/;ﬁi&: KO0 TR, EATH J
640 Over Northwest China, the trend-biases—inbiases in the trend in precipitation #: 0T

641 | frequencythe—frequency—of precipitationprecipitation frequency and Lg are mainly
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explained by the overestimated warming in NCEP-R2 (by 0.22<C/decade) (Fig. 7).
LargelyThe substantially underestimated trend in Ly induced by the decrease in the
atmospheric water vapor and cloud fraction (Figs. S9-S12 and S16-17); leads to an

uhderestimated-underestimate of the warming in MERRA (by -0.22<C/decade) (Fig.

7.

Most—reanalysMost of the reanalyses present—adisplay weakening—weakened®™

warming ever—Fibetanover the Tibetan Plateau and the Loess Plateau (Fig. 5 and S3,
Table 2). Mere-evidenthyln particular, NCEP-R1 and NCEP-R2 fail to reproduce the
warming ever—Fibetanover the Tibetan Plateau, and MERRA fails to reproduce the
warming over the Loess Plateau (Fig. 5 and S3, Table 2). The significant cooling trend

biases—inbiases in the trends in T, (by -0.02 to -0.31<C/decade) over the Tibetan

Plateau and-LoessPlateauand the Loess Plateau result from the underestimated trends

in Ly and_the overestimated trends in precipiation—frequencythe—frequency—of

precipitationprecipitation frequency seen in mestreanakysmost of the reanalyses (Figs.

5-7 and S9-12). Fhis-These cooling biases are further induced by the underestimated
trends in Rs (Figs. 5-7 and S8).

Over southern China, the trend-biases-inbiases in the trend in T, are regulated by

the trend-biaseshiases in the trends —these-in R, Ly and the-precipitation-frequencythe

frequency-of precipitationprecipitation frequency (Figs. 6-7). Over Southeast China,

the significantly overestimated significant-everestimated-trends in T trepdsin—F, (by

0.04, 0.02 and 0.17<C/decade, respectively) are induced_by the by—overestimated
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trends in Rs (by 4.25, 3.34 and 6.27 W-m™/decade, respectively) seen in ERA-Interim,

JRA-55 and CFSR (Figs. 6-7 and S8). The underestimated trends in T, trends-inF, are

induced by the overestimated trends in precipitation—freguencythe—freguency—of

precipitationprecipitation frequency and Ly in NCEP-R1, MERRA, ERA-20CM,

CERA-20C, NOAA 20CRv2 and NOAA 20CRv2c (Figs. 6-7 and S9).

Over Middle China, the significant—oversignificantly overestimated trends in

T.trepds—in—F, (by 0.04, 0.06, 0.11, 0.03, 0.11 and 0.14<C/decade, respectively) are
induced by the overestimated trends in Rs (by 2.09, 1.50, 2.59, 1.20 and 4.81
W-m?/decade, respectively) seen in ERA-Interim, JRA-55, ERA-20C, ERA-20CM,

CERA-20C and CFSR (Figs. 6-7 and S8). The overestimated trends in precipitation

frequencythefrequency—of preeipitationprecipitation frequency eewld—may lead to

cooling in the trends in T.trends—in—F, ir—+reanalysin the reanalyses, especially for

MERRA (which reflects an induced bias in the trend of -0.15-C5 <C/decade-of-the

ndueed-trend-bias) over Middle China (Figs. 6-7 and S9).
Due to the underestimated trends in the atmospheric water vapor and_the cloud

fraction (Figs. S11-12), the underestimation of the—Ly is—underestimated—to

haveproduces a cooling effect on the F.-trendtrend in T, (by -0.05 to -0.32 <T/decade)
reanalysin the reanalyses over the North China Plain (Figs. 6-7 and S10). However,
due to the lack of inclusion of the-plausible trends in aerosol loading, the substantial
increases in R ever-Northover the North China Plain (Fig. S8) have a-strong warming
effects on the F,—trendtrends in T, (by 0.01 to 0.21<C/decade) in—+eanalysin the

reanalyses (Figs. 6-7 and S8). The trend-biases—inbiases in the trends in precipitation
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frequencythe-frequeney-of precipitationprecipitation frequency (by-of approximately

-2.5 days/decade for the NWP-like reanalyses and approximately 1.5 days/decade for
some_of the climate reanalyses) contribute some part of the trend-biases-inbiases in the
trends in T, (by—approximately 0.05<C/decade for the NWHP-like reanalyses and

-0.03 <C/decade for the climate reanalyses).—

Overall, the trend-biases-inbiases in the trends in T, ir-reanalysin the reanalyses

can be substantially explained by those in Ly, precipiationfrequencythefrequency-of

precipitationprecipitation frequency and Rs, but—it—varies this effect varies—by

regionallys (Figs. 6-7). Over northern China, the trerd-biases+nbiases in the trend in

Ta {by-orderef(which are on the order of -0.12<C/decade)-primarHy result_primarily

from a combination of those in Ly {(by—erder—ef(which are on the order of

-0.10<C/decade) and precipitation——Trequencythe—frequeney—of

precipitationprecipitation frequency {by—erder—of(which are on the order of

0.05<C/decade), with relatively small contributions from R {by-erderof(which are on
the order of -0.03<C/decade). Over southern China, the trend-biases—inbiases in the

trend in T, {by-erderof(which are on the order of -0.07 T/decade) are caused by those

in Rs {by-order-of(which are on the order of 0.10T/decade), Ly {by-orderof(which are

on the order of -0.08<C/decade) and precipitation—frequencythe—frequency—of

precipitationprecipitation frequency {by—erder—of(which are on the order of

-0.06<C/decade) (Fig. S18). Note also that the anahyses—incorporation of the
observation—observed changes of-in surface air temperatures in ERA-Interim and
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JRA-55 may bring-introduce trend-biases-inbiases into the trends in the output-ef T,

values;-but; however, the use of partial correlation and regression analysis would lead

to their-smaller impacts of the biases in these physical variables in quantifying their

contributions-ef-theF-trend-biases to the trends in T -by-the-physical-variables-above.

3.5 Spatial Linkages of Warming—Trend-BiasesBiases in the Warming Trends

ameng-in the Twelve Reanalyses

By-iWe next integratentegrating the relationships of the spatial patterns in the T,

trend—biasesbiases in the trends in T, with those in Rs, Ly and precipitation

frequencythe-frequency-of precipitationprecipitation frequency over China ameng-in

the twelve reanalyses (Fig. 8)—H—was—feund. The results show that_the trend-biases

abiases in the trends in T, show significant correlations with R (r=0.80, slope=0.086,

p=0.09)_and; precipitation—frequencythe—frequency—of precipitationprecipitation

frequency (r=-0.83, slope=-0.04, p=0.02) and Lq4 (r=0.77, slope=0.10, p=0.10) ameng
in_the twelve reanalyses; if-include-the information onf these patterns_is included.

Witheut-considering\When the spatial patterns of the trend-biases-inrbiases in the trends

in these variables_are not considered, the F,-trend-biasesbiases in the trends in T, show

relatively smallter correlations with Rs (r=0.32, slope=0.02, p>0.1), precipitation

frequencythefrequency-of precipitationprecipitation frequency (r=-0.51, slope=-0.02,

p=0.09) and Lq4 (r=0.14, slope=0.02, p>0.1) ameng-in the reanalyses (Fig. 8). Fhe

sameSimilar eireumstanees-aeeurresults are obtained for the atmospheric water vapor

(r=0.71, p=0.1) and the cloud fraction (r=-0.74, p=0.09) if censider—their spatial
patterns_are considered (Figs. S19), and this relationship frem-involving the cloud
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fraction is very similar to that frem-theassociated with Rs (Figs. 8 and S19). Over

Within the China’s—subregionssubregions of China, the trend-biases—inbiases in the

trends in T, show significant correlations with Rs (r=068 to 0.90, p<0.1), precipitation

frequencythe—frequency—of precipitationprecipitation frequency (r=-0.55 to -0.94,

p<0.1) and L4 (r=0.53 to 0.93, p<0.1) with-when the-inclusiont spatial patterns ameng
in_the reanalyses are included (Fig. S20). These results provide a novel wview

toperspective that can be used to investigate the spatial relationships between_—trend

biases-inbiases in the trends in T, and the-relevant quantities ameng-in the-reanalyses.

4. Discussion
In this section, we first examined the possible impacts of data homogenization on

the Fotrendtrends in T,. The F,-trendstrends in T, derived from the original dataset are

almost higher-as high asthan those from the hemegeneus—datahomogenized dataset,

especially over the North China Plain and Northwest China (Fig. 5 and Table 2). Fhis
hHomogenization primarily adjusts-the breakpoints in the-time series (Wang, 2008),

which occur mainly due-mainty-due to station relocation and changes in instruments

(Cao et al., 2016;; Li et al., 2017;; Wang, 2014), and it; helps to objectively depict the

TFtrendtrends in T.fer, thus permitting the assessment of the modelled F.-trendtrends

in T, and its spatial patterns_that are present in the reanalyses.

We found that the elevation differences between the models and_the stations
actuathy-influence the_biases in the F,-trendtrends in T.-bias;but-€an—_ but cannot

explain_the spatial patterns in the-F,-trendthe biases in the trends in T, bias-(averaged
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r=0.11) (Fig. S21). Cempared-the-same-grid—modelsComparison of the models that

use the same grid (NOAA 20CRv2c vs. NOAA 20CRv2, MERRA vs. MERRA2,

NCEP-R1 vs. NCEP-R2 and ERA-20C vs. ERA-20CM)~we-found-the shows that the

one_is-statisticathy correlateds with elevation differences, but the other does-is not,

which implies that this statistical correlation sheuld-not-be-physical-significancedoes

not have physical significance. Besides—In addition, elevation differences does not

change with time. Nevertheless, the spatial patterns in_the normalized trends in
T.trends—in—F, (excluding the impacts of the absolute value of temperature on the
trends) are very near to those of the trends (Fig. S22), implying the-impaet-efthat the

differences in the absolute value of temperature_have an important effect-éue-te, given

that the site-to-grid inconsistency can be neglected.
In—reanalysin the reanalyses, vegetation is only included as a—climatological
informationy, but the vegetation has-displays a growth trend-in-rature during the study

period-19period of 1979-2010 ever-within China (Fig. S23)—whieh. This discrepancy

wiH—positively enlarges the F.—trend—biasesbiases in the trends in T, due to the

vegetation cooling effect (Zeng et al., 2017;; Trigo et al., 2015). This effect is
reflected by the negative spatial correlation (r=-0.26, p=0.00) between the inverted

trend in the NDVI and_the trend-biases—nbiases in the trend in T, (Fig. S23). The

vegetation—grewth—weuldgrowth of vegetation eeelthereduces Tnear-surface—air

temperatures by regulating surface roughness, surface conductivity, soil moisture and

albedo to partition mere-greater amounts of available energy into latent heat fluxes

and-then, which leads to the formation of more precipitation (Shen et al., 2015;;
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Spracklen et al., 2013)—thereby. Thus, the inclusion of vegetation growth will have

improved-effect-on-theimprove the simulation of trend-simulatiens {and especially-fer

the spatial pattern) of T, in—+reanakysin the reanalyses through-a the incorporation of

more complete physical parameterizations-above-in—reanalysis (Li et al., 2005;; Dee
and Todling, 2000;; Trigo et al., 2015).

Due to their inclusion of surface air temperature observations, the-ERA-Interim

and JRA-55 exhibit-a—relatively-skillful-patterndisplay high skill in reproducing the

observed patterns-with; they have near-zero means (0.01 and 0.01<C/decade) and the

smallest standard deviations (0.16 and 0.15<C/decade) of the trend biases among the

twelve—reanalysistwelve —proeduetreanalysis products,—albeit—being—stit—evident.

However, pattern differences of 37.8% (standard deviation of trend

bias/China-averaged tFrend) are still evident (Figs. 5 and 8). Bespite-ef-ne-inclusion

ofAlthough it does not incorporate surface air temperature observations, ERA-20CM

presents a pattern (with a mean of -0.04<C/decade and a standard deviation of
0.15<C/decade;—Fig; Figs. 5 and 8)_that is comparable to_those of ERA-Interim and

JRA-55; and better than_that of ERA-20C (mean of -0.08<C/decade and standard

deviation of 0.20C/decade;—Fig; Figs. 5 and 8)-with, which uses the same forecast

model as ERA-20CMwhich-imphes. These results imply that-a-petential-approach-of

ensemble forecasting could be used to meet—to—this—end important goals. Fhis

advantage—ofThe ensemble forecasting technique used in ERA-20CM also displays

advantages in that it perferm-better—in—theyields an improved simulated pattern of

trend—biases—in—RJbiases in the trends in Rs (SD=1.84 W m?/decade, 171%),
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precipitation—frequencythe—frequency—of —precipitationprecipitation  frequency

(SD=2.78days/decade, 122%) and L4 (SD=1.25 W m%/decade, 82%) (Fig. 8).

We considered—to—which—extent the degree to which the ensemble assimilation

technique can improve the spatial patterns of the biases in the Fs-trendtrends in T -bias
-reanalysin the reanalyses. We found-find that this technique can detect the F,-trend

biasespbiases in the trends in T, over more another mere-anether-approximately 12%

(8%) of the gridsarid cells for-in CERA-20C-with, which incorporates 10 ensemble

memberss (NOAA 20CR2vc and NOAA 20CR2v with—employ 56 ensemble

memberss) (Figs. 55} 1-n). However, the T.-trend-biasesbiases in the trends in T, over

these gridsgrid cells wereare-detected-to-be not A-significant at the-a significance level
of 0.05, according to—fer Student’s t-test, implying that the ensemble assimilation

technique can-not explain_the spatial pattern of the F,-trend-biasesbiases in the trends

in T, identifieddisplayed in this study (in Figs. 55} 1-n).

Fo—preliminariyTo provide a preliminary discussion of the improvements ef-in

climate forecast models in reflecting patterns in climate trends, we compare_thed

spatial patterns of_the trend—biases—in—Ribiases in the trends in R, precipitation

frequencythe-frequency-of precipitationprecipitation frequency and Ly without-direct

observations—analyzed—in—the—reanalysesin the reanalyses that do not incorporate

observations. We ecan—find that the climate forecast models, i.e., ERA-20C,
ERA-20CM, CERA-20C, NOAA 20CRv2c and NOAA 20CRv2, perferm

betterdisplay better performance in reproducing the pattern of trend-biases--Rsbiases

in the trends in R (mean of 1.36 vs. 2.18 W m?/decade;; SD of 2.04 vs. 2.71
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W m?¥/decade), precipitation—frequencythe—frequency—of precipitationprecipitation

frequency (mean of 1.32 vs. -1.44-%4%/decade;; SD of 3.57 vs. 6.14-%4%/decade)
and Ly (mean of 0.12 vs. -0.85 W m?/decade;; SD of 1.33 vs. 1.50 W m?/decade)
than the NWP-like models, i.e., ERA-Interim, NCEP-R1, MERRA, JRA-55,

NCEP-R2 and MERRAZ2 (Fig. 8). Besides—In addition, because the SST boundary

condition-freely evolvesd freely in CFSR, the patterns of trend-biases—in-Rsbiases in

the trends in R, precipitation—frequeneythefrequeney—of precipitationprecipitation

frequency and Ly in CFSR-substantialty differ_substantially from those in the other

reanalyses.
We also eensidered-consider whether the spatial pattern of trend-biases-irbiases in

the trend in T, is altered by the atmospheric eirewlationscirculation patterns simulated

by the ERA-20CM ensembles. In ERA-20CM, the atmospheric eirettationscirculation
patterns are influenced frem-by SSTs and sea ice and then partly mediate the
influences of global forcings on the F,—trendtrends in T,.. In ERA-20CM, the

probability distribution function of the F.-trend-biasesbiases in the trends in T, from

outside the ensemble ranges incorporates that from Student’s t-test at a significance
level of 0.05 (Fig. 5k). This result has important implications_in that 1) the climate

variability in themedel ensembles under the different_ model realizations of SSTs and

sea ice cover does not change the pattern of the F.-trend-biasesbiases in the trends in

T. (Fig. 5k);-;_moreover, 2) A-Student’s t-test exhibits a suitable ability to detect the

significance of the F,—trend—biasesbiases in the trends in T, (Fig. 5k) fer—when

considering the effects of interannual variability on the trend.
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Overall, producing global or regional reanalyses that adequately reflect regional

climate is challenging using the current strateqy, and further improvements are

required. The results and discussion above indicate some potential but challenging

approaches that can be used to maximize the signal component corresponding to the

regional climate in final reanalyses and robustly narrow the uncertainties in trends.

1) MERRAZ incorporates time-varying aerosol loadings in a pioneering attempt

to improve regional warming over the North China Plain to some extent. Thus, we

encourage research groups to include accurate aerosol information and improve the

skill of simulation of the energy budget and partitioning, especially of regional

surface incident solar radiation, in other reanalyses.

2) To improve regional climate modelling, forecast output should be produced

using a physical ensemble like that employed in ERA-20CM to quantify the

uncertainties associated with the relevant parameterizations in the reanalyses, due to

the impossibility of optimizing all of the biases. Meanwhile, careful ensemble design

would likely yield useful information for use in improving models, assimilation

methods and the bias correction of observations by exploring the interdependency

among sources of errors. Such designs would undoubtedly have additional benefits for

further development, leading to the next generation of reanalyses.

3) To improve coupled land-atmospheric interactions, the true dynamics of land

cover and use should be incorporated. Moreover, the physical parameterizations

should be improved, including the responses of surface roughness, surface

conductivity and albedo to regional climate. These changes would represent an
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improvement over the use of constant types and fractions of vegetation, as is done in

ERA-Interim (Zhou and Wang, 2016a).

4) Given the implications of the spurious performance of the freely evolving

boundary conditions in CFSR, homogeneous and accurate records of SST and sea ice

should be produced.

Next-generation reanalyses, including both global and regional reanalyses, will

assimilate_and analyse in situ observations, satellite radiance, and other remote

observations. In addition to short-term accuracy and long-term trends, they will also

focus on spatial patterns by incorporating or improving accurate representations of

land surface conditions and processes within the coupled weather and climate Earth

systems. Thus, these reanalyses will advance the simulation of land-atmosphere

interactions to vyield high skill in studies of regional warming and the detection and

attribution of regional climate change using various datasets, which frequently include

global and regional reanalyses (Zhou et al., 2018; Zhou and Wang, 2016c; Herring et

al., 2018; Trenberth et al., 2015; Stott, 2016; Dai et al., 2017; Zhou and Wang, 2017b).

Additionally, the uncertainties associated with regional warming could be ascertained

using physics ensembles with various equiprobable realizations of boundary

conditions.

45. Conclusions-and-Rerspectives

Reanalyses—The reanalyses have—display differences in T, referenced—when

compared to_the observations with a range of -10~10<C over China-a. Approximately
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74% and 6% of which-these differences can be explained_by-the site-to-grid elevation

differences and the filtering error in the elevations used in the spectral models

elevation. This-These results imphies-implya fairly good skill in the simulation of the
climatology of T, in the twelve reanalyses over China. Moreover, the twelve
reanalyses roughly capture the interannual variabitity—efvariability in T, ameng-the

twelvereanalysis-(median r=0.95). Reanalyses-In the reanalyses.exhibit-that T, has

displays a consistently positive correlations with the-Rs and Lg; and has-is negatively

correlations——correlated  with  precipitation—Trequencythe—freguency—of

precipitationprecipitation frequency, as these—seen in observations, despite of

havingthe evident spatial patterns in their magnitudes over China.
Fhe-T, exhibits a strong warming trend of 0.374—C7 C/decade (p<0.05) frem-in

the observations and 0.22-0.48—<C8<C/decade (p<0.05) ameng—in the twelve

reanalyses over China. In_the observations, approximately 87% of the observed trend

in T, over China can be explained by the greenhouse effect (i.e., 65% can be

explained by the trend in Lg), thefrequeney—of preeipiationprecipitation frequency

(29%) and Rs (7%, due to the trend in radiative forcing of -1.1

W-m'zldecade)apwemnaeMM—eMw—ebsewedJa#end—eaﬂ—be—@%wd—by
greenhouse-effect (i-etrend-inL4—65%)the precipitation-frequency(29%)-and-R,
(-7%-due-to-the-trend-of 1.1 W-m */decade)-over China.

However, the trends-biases-inbiases in the trends in T, frem-seen in the reanalyses

relative  to the observations display an evident spatial  pattern
(mean=-0.16~0.11T/decade, SD=0.15-0.30<C/decade). The spatial patterns of the
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trends—biases—inbiases in the trends in the values of-reanalyzed T, in the reanalyses

have-significant-correlationsare significantly correlated with those in Rs (maximum r

==0.42, p<0.05), precipitation—frequencythe—frequency—of precipitationprecipitation

frequency (maximum r-==-0.62, p<0.05) and Ly (maximum r-==0.50, p<0.05). Over

northern China, the trend-biases-inbiases in the trends in T, {by-orderoef(which are on

the order of -0.12 <C/decade)-primarihy result primarily from a combination of those in

Ly (by—order—of(which are on the order of -0.10<C/decade) and precipitation

frequencythe-frequeney-of precipitationprecipitation frequency (by-erder-of(which are

on the order of 0.05<C/decade), with relatively small contributions from R {by-order

of(which are on the order of -0.03<C/decade). Over southern China, the trend-biases

nbiases in the trends in T, {by-erderef(which are on the order of -0.07 <C/decade) are

regulated by the-trend biases thesein the trends in R {by-erderof(which are on the

order of 0.10T/decade), Ly {by—orderof(which are on the order of -0.08 <C/decade)

and the—precipitation—frequencythefrequencyof precipitationprecipitation frequency

{by-erder-of(which are on the order of -0.06 <T/decade).

If-inelude information onf spatial patterns_is included, the simulated-trend-biases

of biases in the trends in T, correlate well with those of precipitation—freguencythe

frequency-of precipitationprecipitation frequency, Rs and Lq ameng-in the reanalyses

(r=-0.83, 0.80 and 0.77, p<0.1)—so-they—are; similar results are obtained for the
atmospheric water vapor and the cloud fraction (r=0.71 and -0.74, p<0.1). These

results provide a novel view-toperspective that can be used to investigate the spatial

relationships between the trend-biases—nbiases in the trends in T, and the relevant
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Therefore, improving simulations of precipitation—freguencythe—frequency—of

precipitationprecipitation frequency and Rs helps to maximize the regional-climate

sighal-compenentsignal component corresponding to the regional climate. Besides;-In

addition, incorporating vegetation dynamics in—reanalysin reanalyses and the use of

accurate aerosol information, as in MERRA-2-(Medern-Era—Retrospective-Analysis
forResearch—and—-Applications—version—2), would advance_the regional-warming

modelingmodelling of regional warming. Ensemble-The ensemble technique {adopted

in ERA-20CM, a twentieth—ecenturytwentieth-century atmospheric model ensemble

without-assimilating-observations)that does not assimilate observations, significantly

narrows_the regional-warming—uhcertaintiesuncertainties of regional warming s

reanalysin the reanalyseis (standard deviation=0.15<C/decade).
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Table 1. Summarized—Summary information on the twebve—reanalysistwelve —preduetreanalysis products, including

institution, model resolution, assimilation system,-included surface observations included associated with surface air

temperatures, sea ice and sea surface temperatures /SST(SSTssea-surface-temperature) and GHGs-greenhouse gas (GHG)

boundary conditions. The number in the parentheses ef-Celumnin the MModel NName_column is the year ferof the

version of the forecast model used. More details for-on each product can be found in the associated reference.

. o Model . Assimilation
Reanalysis Institution Model NName . Period
RResolution SSystem
. . T255 ~80 km, 1979
ERA-Interim ECMWF IFS version Cy31r2 (2007) 4D-VAR
60 levels onwards
JMA operational numerical weather T319 ~55 km,
JRA-55 JMA o L 1958-2013 4D-VAR
preeiditienprediction system (2009) 60 levels
NCEP operational numerical weather T62 ~210 km, 1948
NCEP-R1 NCEP/NCAR o . 3D-VAR
preciditionprediction system (1995) 28 levels onwards
. T62 ~210 km, 1979
NCEP-R2 NCEP/DOE Modified NCEP-R1 model (1998) 3D-VAR
28 levels onwards
3D-VAR with
. . . 0.5%<0.667° .
Ar-GEOS-5.0.2 atmospheric general circulation 1979 incremental
MERRA NASA/GMAO ~55 km, 72 ;
model (2008) levels onwards updatinge (GEOS
IAU)
3D-VAR with
Fhe-uUpdated version-medel of GEOS-5.12.4as  0.5%0.625° 1980 incremental
MERRA-2 NASA/GMAO  used in MERRA-and its land versien-model is ~55 km, 72 .
. onwards updatinge (GEOS
similar to that of MERRA-lard (2015) levels IAU)
IFS version Cy38r1 (2012), coupled T159 ~125 km,
ERA-20C ECMWF 1900-2010 4D-VAR
atmosphere-land-ocean--waves system 91 levels
The-Ssimilar medelasto that used in ERA-20C  T159 ~125 km,
ERA-20CM ECMWF 1900-2010 3D-VAR
(2012) 91 levels
i CERA eEnsemble
IFS version Cy41r2 (2016), coupled T159 ~125 km, o
CERA-20C ECMWF . 1901-2010 aAssimilation
atmosphere-ocean-land-waves-sea ice system 91 levels .
technique
NCEP GFS (2008), an updated version of the_
NOAA NOAA/ESRL . T62 ~210 km, Ensemble Kalman
NCEP's-CFS— Climate Forecast System (CFS) 1851-2014 )
20CRv2c PSD 28 levels fFilter
coupled atmosphere-land model
NOAA NOAA/ESRL T62 ~210 km, Ensemble Kalman
Fhe-sSame model as NOAA 20CRv2c (2008) 1871-2012 R
20CRv2 PSD 28 levels fFilter
NCEP_-Climate-Forecast-System(CFS) (2011);  T382 ~38 km,
CFSR NCEP CEP_ c _S) (2011) 38238 1979-2010 3D-VAR
coupled atmosphere-ocean-land-sea ice model 64 levels
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Table 1. Continued at-from right column.

Related AAssimilated_and /analyzedAnalysed OObservations ~ Sea I4ce and SSTs GHGs-_Fforcing Reference
Interpolation by 1.6
1) Includese in-situin situ observations of near-surface air . . ppmv/year from the
X L A changing suite of SST and R
temperature/pressure/relative humidity sea ice data from the- global mean CO, in (Deeetal.,
2) Assimilateset upper--air temperatures/wind/specific humidity o 1990 of 353 ppmv-6f-  2011b)
L . . observations and the-NCEP .
3) Assimilatese rain-affected SSM/I radiances global mean CO2 in-
1990
Ha-sittn situ
1) AnalyzedAnalyses available near-surface observations observation-based estimates CMIPESame as (Kobayashi
2) Assimilatese all available traditional and satellite observations  of the the- COBE SST data CMIPS etal., 2015)
and sea ice -
1) Initiated with weather observations from ships, planes, station
. . Reynolds SSTs for 1982 on  Constant global mean
data, satellite observations and many more sources
. . . and the the UKMO GISST.  CO,602 of; 330 ppmv  (Kalnay et
2) No inclusion of near-surface air temperatures . . N
L . . data for earlier periods;-; and-ne-etherppmv; no  al., 1996)
3) Usesd observed precipitation to nudge soil moisture R
. . sSea itce from SMMR/SSMI  other trace gases
4) No information on aerosols
Constant global mean
1) No inclusion of near-surface air temperatures C0,602, 350 ppmv- Kanamitsu
) Noi ! peratures AMIP-11 prescribed =2 (
2) No information on aerosols and-re-etherppmy; no  etal., 2002)

1) Neither MERRA nor MERRA-2 analyzedanalyse near-surface
air temperature, relative humidity-and-se-on, or other variables:
2) Fhe+Radiosondes do provide some low--level observations-

1) Includesd newer observations (not included in MERRA) after
the 2010s

2) Includesé aerosols from MODIS and AERONET measurements
over land after the 2000s and from the GOCART model before the
2000s

3) Assimilatesel observation-corrected precipitation to correct the
model-generated precipitation before reaching the land surface

1) Assimilatese surface pressures from ISPDv3.2.6 and
ICOADSV2.5.1; and surface marine winds from ICOADSv2.5.1
2) Usesd monthly climatology of aerosols from CMIP5

Assimilatesé no data and includese radiative forcings from CMIP5

1) Assimilatesd surface pressures from ISPDv3.2.6 and
ICOADSV2.5.1; and surface marine winds from ICOADSv2.5.1
2) Assimilatese no data in the land, wave and sea -ice components;
but usesd the coupled model at each time step

Assimilatese only surface pressure and sea level pressure

Fhe-sameSame as NOAA 20CRv2c

1) Assimilatesé all available conventional and satellite
observations; but not near-surface air temperatures

2) Atmospheric model containsed observed changes in aerosols
3) Usesd observation-corrected precipitation to force the land
surface analysis

Reynolds SSTs prescribed

AMIP-I1 and Reynolds SSTs

SSTF/sea-iceSSTs and sea ice
from Had1SST2.1.0.0

SSH/sea-iceSSTs and sea ice
realizations from
Hadl1SST2.1.0.0 used in 10
members

SSTs from the-
Hadl1SST2.1.0.0

SSTs from HadISST1.1 and
sea ice from the-COBE_
SST-SSF

SSTF/sea-iceSSTs and sea ice
from HadISST1.1

Ggenerated by coupled
ocean-sea ice models;-
evolving; evolves freely
during the 6-h coupled
model integration

other trace gases

The same as
CMIP5Same as
CMIP5

The same as-
CMIP5Same as
CMIP5

The same as-
CMIP5Same as
CMIP5

The same as-
CMIP5Same as
CMIP5

The same as-
CMIP5Same as
CMIP5

Monthly 15<gridded
estimation-estimates of
C0,€02 from WMO
observations

Monthly 15<gridded
estimation-estimates of
C0,€02 from WMO
observations

Monthly 15<gridded
estimation-estimates of
C0,€02 from WMO
observations

(Rienecker et
al., 2011)

(Reichle et
al., 2017)

(Polietal.,

2016)

(Hersbach et
al., 2015)

(Laloyaux et
al., 2016)

(Compo et
al., 2011)

(Compo et
al., 2011)

(Sahaetal.,
2010)
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Table 2. Differences (unit: <C) relative to_the hoemeogenous-homogenized observations and tFrends (unit: <C/decade) in

surface air temperatures (T,) from 1979 to 2010 over China and its seven subregions. The bold and italic bold fonts

indicate_results that are significant according to a-two-tailed Student’s t-tests with a-significance levels of 0.05 and 0.1,

respectively.

o Tibetan Northwest R A Northeast North China Southeast

Regions Plateau China China Plain China
Diff. Trend Diff. Trend Diff. Trend Diff. Trend Diff. Trend Diff. Trend Diff. Trend Diff. ~ Trend
ERA-Interim -0.87 0.38 -3.49 033 -1.82 0.37 -0.32 050 -1.19 0.28 -0.03 0.42 -0.02 045 -0.03 0.37
NCEP-R1 -2.56 023 -6.80 011 -4.45 039 -1.77 021 -291 023 -1.28 0.27 -1.21 023 -1.33 0.22
MERRA -0.48 025 -3.48 0.33 0.95 014 114 0.09 -135 012 -0.22 0.52 0.67 026 -0.27 0.24
JRA-55 -1.10 038 -349 042 -1.70 039 -058 052 -161 030 -0.25 037 -0.26 041 -0.50 0.34
NCEP-R2 -2.10 025 -5.76 -0.07  -4.29 058 -1.33 0.10 -2.80 020 -051 0.36 -0.38 023 -1.14 0.36
MERRA2 -0.91 028 -3.41 0.35 0.34 032 0.12 019 -1.35 023 -0.73 0.41 -0.24 0.18 -0.64 0.25
ERA-20C -1.42 029 -6.56 033 -1.95 031 0.03 021 -2.01 035 -0.19 0.32 1.05 019 -047 0.28
ERA-20CM -148 032 -593 028 -1.39 038 -036 033 -213 027 -023 041 -031 0.34 -051 0.29
CERA-20C -2.06 034 -7.00 041 -2.15 0.38 -0.78 036 -2.59 034 -0.76 0.43 -0.40 019 -1.20 0.29
NOAA 20CRv2c  -0.28 022 -2.75 039 -0.01 028 1.62 0.16 -1.68 0.18 -0.16 0.11 1.06 0.15 0.18 0.22
NOAA 20CRv2  -0.32 024 -2.78 0.33 -0.01 029 148 020 -1.77 0.19 -0.07 0.25 0.97 0.21 0.12 0.19
CFSR -1.74 048 -5.09 046 -1.03 044 -025 040 -291 037 -049 0.67 -0.37 047 -1.58 0.51
Obs-raw 0.03 0.40 0.03 0.46 0.09 044 001 052 0.05 0.30 0.00 0.40 0.05 0.42 0.03 0.36
Obs-homogenized 0.37 0.44 0.36 0.50 0.24 0.41 0.38 0.33
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Table 3. Spatial pattern correlation (unit: 1) of three groups: partial relationships, trends and simulated trend-biases-ofbiases in

the trends in surface air temperature (T,) against surface incident solar radiation (Rs), precipitation—frequeneythe—frequencyof

precipitationprecipitation frequency (PF) and surface downward longwave radiation (Lq). Fhe-bold-and-italic-bold-fonts-indicate

v-The bold and italic bold fonts indicate results

that are significant according to two-tailed Student’s t-tests with significance levels of 0.05 and 0.1, respectively.

Partial Relationship Trend Trend Bias
Pattern Correlation (Ta Rs) (Ta, PF) (Ta, La) (Tay Ta) (Ta,Rs) (Ta, PF)  (Ta La) (TayRs) (Ta PF)  (Ta La)
Corr. Slope Corr. Slope Corr. Slope

ERA-Interim 029 0.01 003 031 021 025 0.47 -0.11 -0.04 0.33 0.26 -0.12 0.10
NCEP-R1 030 0.06 0.18 030 0.36 0.00 0.02 -0.36 -0.02 062  -0.03 -0.04 0.43
MERRA 029 0.06 013 039 0.05 0.20 0.21 0.66 -0.81  -0.53 0.42 -0.62 -0.05
JRA-55 035 021 022 016 029 027 054  -0.33 0.31 0.57 0.00 0.14 0.29
NCEP-R2 022 0.03 020 036 027 0.04 -0.08 0.18 -0.29 0.28 0.15 -0.14 0.35
MERRA2 0.13 0.05 026 043 009 0.30 0.22 0.30 -0.11 0.11 -0.02 -0.12 0.28
ERA-20C 0.28 -0.07 -0.07 043 019 002 -0.07 0.18 -0.33 0.03 0.11 -0.25 0.31
ERA-20CM 0.24 -0.04 -0.03 032 026 018 028 -0.32 0.31 0.83  -0.02 0.12 0.34
CERA-20C 041 017 010 037 0.08 0.07 0.29 0.50 -058  -0.07 -0.01 -0.22 0.23

NOAA 20CRv2c 039 015 -0.22 025 014 015 0.08 -0.07 -0.11 0.55 -0.25 -0.05 0.50

NOAA 20CRv2 038 015 -0.21 0.18 0.14 0.23 0.19 -0.02 -0.20 0.56 -0.18 0.11 0.47

CFSR 033 012 010 019 037 021 0.19 0.11 -0.26 0.07 0.31 -0.08 0.15
Obs-raw -0.07 0.27 0.50
Obs-homogenized -0.09 0.35 0.32
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Figure Captions:
Figure 1. The multiyear-averaged differences in surface air temperatures (T, unit: <C)
during the peried—29period of 1979-2010 from the twelve—reanabysistwelve

productreanalysis products relative to the hemegeneous—observationhomogenized

observations over China—ke-. The reanalysis products are (a) ERA-Interim, (b)

NCEP-R1, (c) MERRA, (d) JRA-55, (e) NCEP-R2, (f) MERRA2, (g) ERA-20C, (h)
ERA-20CM, (i) CERA-20C, (j) NOAA 20CRv2c, (k) NOAA 20CRv2 and (I) CFSR.
The mainland of China is divided into seven regions (seen—shown in Fig. 1c),
specifically —@ the Tibetan Plateau, @ Northwest China, 3 the Loess Plateau, @
Middle China, & Northeast China, ® the North China Plain and (@) South China.

Figure 2. The impact of ineensisteney—inconsistencies between station and model
elevations on the simulated multiyear-averaged differences in surface air temperatures
(Ta, unit: <T) during the study period—19period of 1979-2010 over China. The
elevation difference (AHeight) between_the stations and the models consists of the

filtering error in_the elevations used in the spectral model-elevations (Af) and the

difference in site-to-grid elevations (As) due to eemplex-orographythe complexity of

orographic topography.—Fhe Af is derived from the model elevations minus the ‘true’

elevations at-in the same-medel-gridcorresponding model grid cells from GTOPO30.
The GTOPO30 orography is widely used in the-reanalyses, e.g., by ECMWF. The
eelorcolour bar denotes the station elevations (unit: m). The relationship of the T,
differences is regressed on AHeight (shown in-at the bottom of each subfigure) or Af
and As (shown in-at the top of each subfigure)-with; the corresponding explained
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variances are shown.

Figure 3. Taylor diagrams for annual time series of the observed and
reanakyzedanalysed surface air temperature anomalies (T,, unit: <C) from 1979 to
2010 in (a) China and (b-h) the seven subregions. The correlation coefficient,

standard deviation and reet-mean-sguare-root mean squared error (RMSE) wereare

calculated against the observed homegenesus-homogenized T, anomaliesy-.

Figure 4. Composite map of partial correlation coefficients of the detrended surface

air temperature (T,, unit: <C) against surface incident solar radiation (Rs), the

precipitation-frequencythe-frequency-of precipitationprecipitation frequency (PF) and

surface downward longwave radiation (Lq) during the peried-21Speriod of 1979-2010

from observations and the twelvereanalysistwelve —preduetreanalysis products. The

marker ‘+’ denotes the negative partial correlations of T, with Rs over the Tibetan
Plateau for-in NCEP-R2, ERA-20C and ERA-20CM.
Figure 5. (a, b) The observed trends in surface air temperature (T,, unit: <T/decade)

and the simulated trend-biases-inbiases in the trends in T, (unit: <T/decade) during the

peried—19period of 1979-2010 from (c) raw observations and (d-o) the twelve

reanalysistwelve —produetreanalysis products over China with respect to the

homegeneous—ebservationhomogenized observations. The squares denote frem-the

original homogeneous time series, and the dots denotes—frem_the adjusted
homogeneous time series. The probability distribution functions of all_of the biases in
the trend-biasess are shown as eeleredcoloured histograms, and the black stairs are
integrated from the trend biases with a significance level of 0.05 (based on two-tailed
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Student’s t-tests). The cyan_and /green stairs in (k-n) are-estimatedrepresent estimates

of the trend-biases-biases in the trends outside the ensemble ranges whose locations is

are denoteds-n by the black dots shown in (k-n).
Figure 6. Composite map of the contributions (unit: <T/decade) of the trend-biases

nbiases in the trends in three relevant parameters-f, surface incident solar radiation

(Rs, in red), surface downward longwave radiation (Lg, in green) and the-precipitation

frequencythe-frequency-of precipitationprecipitation frequency (in blue)} to_the trend

biases—inbiases in the trends in surface air temperature (T,) during the study peried

19period of 1979-2010—froem, as estimated using the twelve—reanalysistwelve

preduetreanalysis products over China.

Figure 7. Contribution s(unit: <C/decade) of the trend-biases-nbiases in the trends in

surface air temperatures (T,) from three relevant parameters;—e-, surface incident
solar radiation (Rs, in brown), surface downward longwave radiation (Lg, in light blue)

and the—precipitation—frequencythefrequencyof precipitationprecipitation frequency

(PF, in deep blue) during the study period-19period of 1979-2010 from the twelve

reanalysistwelve —productreanalysis products over China and_its seven subregions.

Figure 8. Spatial associations of the simulated trend-biases—inbiases in the trend in

surface air temperature (T,) versus—relevant three_relevant parameters among the

twelve—reanalysistwelve —productreanalysis products (solid lines fer—indicate the

NWP-like reanalyses, and dashed lines ferindicate the climate reanalyses). The

probability density functions (unit: %) of these trend—biasesbiases in the trends

wereare estimated from approximately 700 1<<1< gridsgrid cells ever—that cover
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China. Median-The median values (eseleredcoloured dots with error_bars of spatial

standard deviations) of the trend-biases-inbiases in the trends in T, (unit: <C/decade)

in the twelve reanalyses wereare regressed onto those of (a) the surface incident solar

radiation (Rs, unit: W m?%decade), (b) precipitation—frequencythe—frequency—of

precipitationprecipitation frequency (unit: days/decade) and (c) the surface downward

longwave radiation (Lg, unit: W m?/decade)- using the ordinary least squares method
(OLS, denoted by the dashed grey lines) and_the weighted total least squares method
(WTLS, denoted by the solid black lines). The 5-95% confidence intervals of the
regressed slopes_obtained-by-the-use-ef using WTLS wereare shown as shading. The
regressed correlations and slopes wereare shown as as—grey and black fentstext,

respectively.
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Figure 1. The multiyear-averaged differences in surface air temperatures (T, unit: <C)
during the period—29period of 1979-2010 from the twelve—reanalysistwelve

productreanalysis products relative to the hemegeneous—ebservationhomogenized

observations over China,—e-. The reanalysis products are (a) ERA-Interim, (b)

NCEP-R1, (c) MERRA, (d) JRA-55, (¢) NCEP-R2, (f) MERRAZ2, (g) ERA-20C, (h)
ERA-20CM, (i) CERA-20C, (j) NOAA 20CRv2c, (k) NOAA 20CRv2 and (I) CFSR.
The mainland of China is divided into seven regions (seen—shown in Fig. 1c),
specifically —(@ the Tibetan Plateau, @ Northwest China, 3 the Loess Plateau, @

Middle China, ® Northeast China, ® the North China Plain and @ South China.
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Figure 2. The impact of inecensisteney—inconsistencies between station and model
elevations on the simulated multiyear-averaged differences in surface air temperatures
(Ta, unit: <C) during the study period—19period of 1979-2010 over China. The
elevation difference (AHeight) between_the stations and the models consists of the

filtering error in_the elevations used in the spectral model-elevations (Af) and the

difference in site-to-grid elevations (As) due to eemplex-orographythe complexity of

orographic topography.—Fhe Af is derived from the model elevations minus the ‘true’

elevations at-in the same-medelgridcorresponding model grid cells from GTOPO30.

The GTOPO30 orography is widely used in the-reanalyses, e.g., by ECMWF. The

eelorcolour bar denotes the station elevations (unit: m). The relationship of the T,
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1525 | differences is regressed on AHeight (shown in-at the bottom of each subfigure) or Af
1526 | and As (shown in-at the top of each subfigure)-with; the corresponding explained

1527 | variances are shown.
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Figure 3. Taylor diagrams for annual time series of the observed and
reanalyzedanalysed surface air temperature anomalies (T,, unit: <C) from 1979 to
2010 in (a) China and (b-h) the seven subregions. The correlation coefficient,

standard deviation and reet-mean-sguare-root mean squared error (RMSE) wereare

calculated against the observed homegenesus-homogenized T, anomaliesy.
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Figure 4. Composite map of partial correlation coefficients of the detrended surface

air temperature (T,, unit: <C) against surface incident solar radiation (Rs), the

precipitation-frequencythe-frequency-of precipitationprecipitation frequency (PF) and

surface downward longwave radiation (Lg) during the peried-29period of 1979-2010

from observations and the twelve-reanalysistwelve —preduetreanalysis products. The

marker ‘+* denotes the negative partial correlations of T, with Ry over the Tibetan

Plateau fer-in NCEP-R2, ERA-20C and ERA-20CM.
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Figure 5. (a, b) The observed trends in surface air temperature (T,, unit: <C/decade)

and the simulated trend-biases-inbiases in the trends in Ty; (unit: <T/decade) during the

peried—19period of 1979-2010 from (c) raw observations and (d-o0) the twelve

reanalysistwelve —produetreanalysis products over China with respect to the

homegenous—observationhomogenized observations. The squares denote frem—the

original homogeneous time series, and the dots denotes—frem_the adjusted
homogeneous time series. The probability distribution functions of all of the biases in
the trend-biasess are shown as eeleredcoloured histograms, and the black stairs are

integrated from the trend biases with a significance level of 0.05 (based on two-tailed
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1552 | Student’s t-tests). The cyan_and /green stairs in (k-n) are-estimatedrepresent estimates

1553 | of the trend-biases-biases in the trends outside the ensemble ranges whose locations is

1554 | are denoteds-n by the black dots shown in (k-n).
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Figure 6. Composite map of _the contributions (unit: <C/decade) of the trend-biases

tbiases in the trends in three relevant parameters-f, surface incident solar radiation

(Rs, in red), surface downward longwave radiation (Lg, in green) and the-precipitation

frequencythe-frequency-of precipitationprecipitation frequency (in blue)} to_the trend

biases—inbiases in the trends in surface air temperature (T,) during the study peried

49period of 1979-2010—frem, as estimated using the twelve—reanalysistwelve

productreanalysis products over China.
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Figure 7. Contribution s(unit: <T/decade) of the trend-biases-inbiases in the trends in

surface air temperatures (Ty) from three relevant parameters;—e-;, surface incident

solar radiation (Rs, in brown), surface downward longwave radiation (Lg, in light blue)

and the—precipitation—frequencythefrequencyof precipitationprecipitation frequency

(PF, in deep blue) during the study period—29period of 1979-2010 from the twelve

reanalysistwelve —productreanalysis products over China and_its seven subregions.
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Figure 8. Spatial associations of the simulated trend-biases—inbiases in the trend in

surface air temperature (T,) versus—relevant three relevant parameters among the

twelve—reanalysistwelve —productreanalysis products (solid lines fer—indicate the

NWP-like reanalyses, and dashed lines ferindicate the climate reanalyses). The

probability density functions (unit: %) of these trend—biasesbiases in the trends

wereare estimated from approximately 700 1<1< gridsgrid cells ever—that cover
China. Median-The median values (eeloredcoloured dots with error_bars of spatial

standard deviations) of the trend-biases-inbiases in the trends in T, (unit: <C/decade)

in the twelve reanalyses wereare regressed onto those of (a) the surface incident solar

radiation (Rs, unit: W m?%decade), (b) precipitation—frequencythe—frequency—of

precipitationprecipitation frequency (unit: days/decade) and (c) the surface downward

longwave radiation (Lg, unit: W m?/decade)- using the ordinary least squares method
(OLS, denoted by the dashed grey lines) and_the weighted total least squares method
(WTLS, denoted by the solid black lines). The 5-95% confidence intervals of the
regressed slopes_obtained-by-the-use-ef using WTLS wereare shown as shading. The
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1586 | regressed correlations and slopes wereare shown as as—grey and black fentstext,

1587  respectively.
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