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9 Abstract

10  There has been an increasing demand to reconstruct long-term gridded Essential Climate Variables
11 (ECVs) for climate-change impact and application studies, especially for the regions with highly
12 complex topography like Taiwan. Furthermore, the need for climatic variables like wind speed,
13 relative humidity, etc has been rapidly increasing for diverse application research mainly because
14  sparsely distributed station-based observation data cannot fulfill the requirement. This paper
15  introduces the Taiwan Reanalysis Downscaling data (TReAD) that re-forecasts a range of ECVs with
16  2-km resolution for Taiwan from 1980 to 2019. Forced with the European ReAnalysis (ERAS),
17 TReAD was generated by dynamically downscaling simulations using the Weather Research and
18  Forecasting (WRF) model. Overall, TReAD shows a comparable long-term trend seen in the ground-
19  Dbased observation data while biases can still be seen mostly in mountainous regions. Moreover, the
20 ranking of the six ECVs in terms of overall performance (taking into account correlation coefficients
21  and deviations) is atmospheric pressure, temperature, relative humidity, shortwave radiation, wind
22 velocity and precipitation. As for reproducing extreme weather events such as typhoons, TReAD
23 reasonably captured the temporal and spatial variability of precipitation observed for Morakot in 2009.
24 To our knowledge, TReAD is the first high-resolution long-term historical climate reconstruction for
25  Taiwan and has been applied in climate-related studies. For instance, TReAD has been found to be a
26  valuable (higher weights) data source particularly in gauge-scarce areas when developing a multi-
27  source precipitation product in the hydroclimatic field. What’s more, the impact of typhoons on cloud
28  forests has been assessed by using TReAD’s wind velocity that could not be achieved using gauge-
29  based observation data alone. It is important to highlight that TReAD not only can resolve the effect
30 ofthe complex terrain in Taiwan but also make many more climate variables available for the foreseen
31  climate-related studies. The datasets are freely available for download via the SciDM platform
32 (Cheng et al., 2025, https://doi.org/10.30193/scidm-rs-2576295).
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33
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36 1. Introduction

37  The availability and length of observational station data sets have been among the important needs
38 for climate change and its subsequent impact studies. Especially, to quantitatively evaluate simulated
39  climatic variables in a relatively small domain like Taiwan with high spatial variability, the data set
40 needs to be of higher resolution and comprehensively cover the entire domain. There are three main
41  challenges of conducting climate change-related research for Taiwan: firstly, sparsely distributed in-
42  situ observation stations are mostly located over land rather than the surrounding oceans; furthermore,
43  the stations in mountainous regions are much lacking than on the plain; lastly, the spatial resolutions
44  of global General Circulation Models (GCMs) or reanalysis data sets are too low to be applied in
45  Taiwan where its complexity of topography is high. These issues are explained in detail as follows.

46
47  Since the length of the record of observational stations is often short, even lacking, particularly over

48  the oceanic and mountainous areas (Cheng et al., 2016). Although satellite telemetry can provide
49  spatially dense data with uniform distribution, its short period limits the following evaluation and
50 value-added applications such as climate analysis of long-term trend. To tackle this issue, reanalysis
51  data generated using atmospheric dynamic models are frequently one of the alternative solutions.
52  Global reanalysis data are constructed by assimilating GCMs simulations and observation datasets
53  and they can provide three-dimensional gridded data with a reasonable atmospheric condition/pattern
54  thatis not easily captured by models alone. Furthermore, many research institutes have released their
55  own reanalysis data and have continually updated along with the GCM upgrades. For example, the
56  frequently used reanalysis datasets include ERAS released by the European Centre for Medium-
57  Range Weather Forecasts (ECMWF) (Hersbach et al., 2018a, 2018b, 2020); R-1 (Kalnay et al., 1996),
58 R-2 (Kanamitsu et al., 2002), CFSR (Saha et al., 2010) generated by the U.S. National Centers for
59  Environmental Prediction (NCEP); and JRA-55 generated by the Japan Meteorological Agency
60 (Ebita et al., 2011; Kobayashi et al., 2015).

61
62  Although global reanalysis data can fulfill the requirements of long-term time period and

63  comprehensive spatial domain (e.g., the global ERAS attains a relatively high horizontal resolution
64  of 0.25 degree), it still fails to adequately capture the details of regional atmospheric patterns.
65  Especially, Taiwan has a highly variable topography i.e., the altitude ranges between 0-3000 m in
66 140 km (east-west width) as shown in Figure 1. Such topography makes regional-scale climate
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67  analysis and application studies more difficult (Chen et al., 2007). Another challenge when working
68  on the regional climate in Taiwan is that the majority of the observation stations are located on the
69  western plain (see Figure 1). This problem might lead to the difficulty of understanding the climatic
70  condition in the mountainous regions.

71
72 The objective of this study is to reconstruct high-resolution historical climate data over Taiwan and

73 the surrounding ocean via dynamically downscaling 40-year ERAS. Kanamitsu and Kanamaru (2007)
74  produced a 10-km resolution dataset by dynamically downscaling the 57-year NCEP/NCAR
75  reanalysis | using a regional climate model. Moreover, the results showed that the reconstructed data
76  is of high quality and comparable to the regional analysis, NARR (Kanamaru and Kanamitsu, 2007).
77  Similarly, Kayaba et al. (2016) used the 55-year JRA-55 to conduct dynamic downscaling and
78  recreated a 5-km resolution dataset. As such, the dynamic downscaling has been proven to effectively
79  produce historical data of climatic variables like temperature, rainfall, even extreme weather events
80 for the regions with complicated terrain in particular. Therefore, we have followed the
81  aforementioned logics and reconstructed a set of historical climate data over Taiwan at 2-km
82  resolution for the period from 1980 to 2019.

83
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85  Figure 1. (left) Topography of Taiwan with 2-km resolution, the left and bottom panels are the profiles
86  of altitude (meters) along the blue and red lines. (right) locations of the (red dots) weather stations
87  and (gray dots) automatic rain gauges of Taiwan’s Central Weather Administration (CWA hereafter)
88
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89 2. Method and data

90 2.1 Model configurations

91 The dynamical downscaling was conducted over two nested domains (as shown in Figure 2) using
92  WREF (version 3.8.1, Skamarock and Klemp, 2008). The horizontal resolutions of the entire and inner
93  domains are 10 km (250 x 250 grid cells) and 2 km (220 x 280 grid cells), respectively. The use of
94  the two domains with varying resolutions is to simultaneously fulfill the needs of high resolution for
95 climate change application and to allow the evaluation and analysis of synoptic weather systems that
96  support the former. The model has 52-layer vertical sigma coordinates with the top layer of the
97  atmosphere being 30 hPa. As for the terrain elevation, Global Multi-Resolution Terrain Elevation
98  Data developed by the U.S. Geological Survey (USGS) and the U.S. National Geospatial-Intelligence
99  Agency of approximate 1-km resolution (Danielson and Gesch, 2011) was applied in the model after
100  regridding. As shown in Figure 1, after preprocessing, Taiwan’s mountain ranges (about 1500-3000
101  m) and valleys can be well resolved with 2-km resolution, adequately representing the complexity of
102  topography.

103
104  Regarding the physical parameterizations, the Goddard microphysics scheme and the Kain—Fritsch

105  scheme were chosen as the cloud microphysics scheme and the cumulus parameterization scheme
106  (Kain and Fritsch, 1990; Kain, 2004; Lim et al., 2010), respectively. These schemes were
107 implemented only in the 10-km domain. The planetary boundary layer parameterization is the Yonsei
108  University scheme (Hong and Pan, 1996), and the longwave and shortwave radiation
109  parameterization is the Rapid Radiative Transfer Model scheme (Mlawer et al., 1997; Tacono et al.,
110  2008). The parameterization of the surface layer and the land surface are the Monin—Obukhov scheme
111 (Monin and Obukhov, 1954) and the Noah Land Surface Model (Chen and Dudhia, 2001),
112 respectively.

113
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115  Figure 2. The two-layer nested domains used in the WRF simulation: the entire and the inner (d02,
116  the white box) domains of 10-km and 2-km resolutions, respectively
11273 Land use and land cover changes have considerable effects on regional climate (Lin et al., 2008;
119  Chengetal., 2013). For instance, urban areas are generally warmer than the surrounding areas due to
120  the heat island effect (He et al., 2021). Since urbanization occurred in Taiwan in the past decades, it
121  is important to realistically reflect the land cover changes when modeling regional-scale climate
122 change. As such, the frequently used land cover data that was integrated using Taiwan’s historical
123 maps and satellite images (Chen et al., 2019) was applied in this study. Specifically, the land cover
124  maps of 1982, 1995, 2000 and 2015 have been used in simulations to respectively represent the land
125  use conditions during the following intervals: 1979-1988, 1989-1997, 1998-2007 and 2008-2018. As
126  shown in Figure 3, the distribution of land uses notably vary in the four years, particularly the
127  expansion of city/urban (i.e., red grids) and the decreases in cropland and pasture regions (i.e., gray
128  and orange grids).
129
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131  Figure 3. Distributions of the land use types in Taiwan in the years 1982, 1995, 2000 and 2015 (the
132 USGS 24 categories of WRF can be found in Table S2)
133
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134 2.2 Reforecasting data and method

135  With the model configuration described in Section 2.1, the re-forecast has then been conducted using
136 ERAS5’s hourly atmospheric variables for the period from 1980 to 2019 (Hersbach et al., 2018a, 2018b,
137 2020). To avoid accumulating biases through the long-term numerical modeling, regularly integrating
138  short-term simulations, or applying nudging has been used in dynamical downscaling (Lo et al., 2008).

139
140  Figure 4 shows the flowchart of re-forecasting steps described as below. Firstly, a one-month spin-

141  up was conducted in the first simulation before blending with ERAS data. After that, sequential 12-
142 hour modeling was then re-initialized every 6 hours. Since only the second 6-hour results were
143  preserved (i.e., the first 6-hour was considered as spin-up), the hours of 00, 06, 12 and 18Z in ERAS
144  were blended in each 12-hour modeling. This approach is to minimize the biases accumulated through
145  the simulation. Lastly, all the preserved 6-hour results were then combined to form the long-term
146  climate data set.

147
148  To ensure that the model rapidly achieved equilibrium in the initial period of the simulation, the

149  digital filter initialization method introduced by Lynch and Huang (1992) was performed.
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150  Additionally, a blending method was applied in this study to keep small-scale features simulated by
151  WRF from being erased by the ERA5-driven re-initializations. Thus, following the same strategy
152 developed by Yang (2005), the circulations with scales above 1000 km (mainly from ERAS) were
153  combined with the small-scale WRF-forced perturbations. Moreover, the post-blending results were
154  then used as the initial states of the subsequent 12-hour simulations. After combining all the second
155  6-hour reforecasts, this newly reconstructed climate data set, the Taiwan ReAnalysis Downscaling

156  data (TReAD hereafter), was then evaluated as described in the next section.

157
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159  Figure 4. Flowchart of the reforecasting process applied in the WRF simulation
160

161 2.3 Observation data for evaluation

162  To evaluate TReAD, CWA'’s station observation data was compared with the closest grid cell of
163  TReAD of the original resolution. As shown in Figure 1 (left panel), there are 17 stations on the plain
164  and 5 on the mountainous regions, namely Anbu, Zhuzihu, Alishan, Yushan, Sunmoonlake (see Table
165 Sl1 for the details of the 22 stations including longitude, latitude and elevations). It is worthy
166  mentioning that the elevations of the 5 mountainous stations range from 607 to 3844 m that is valuable
167  when evaluating a region with highly-varying topography.

168
169  Since the elevations of the point-based CWA observation data are different from that of TReAD that

170  represents a grid-cell average, the TReAD temperatures have been adjusted using a lapse rate of
171 0.65°C per 100 m before comparison. Moreover, the grid cells in TReAD that are closest to the
172 coordinate of CWA’s stations were used for comparison.

173

174  One of the advantages of TReAD is the spatial distribution of the reconstruction that is highly

175 demanding for the climate change application, thus the observation-based gridded data set from the
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Taiwan Climate Change Projection Information and Adaptation Knowledge Platform project (TCCIP)
has been used to evaluate the results (Weng and Yang, 2018). In order to compare 2-km resolution
TReAD with 1-km resolution TCCIP data set, an elevation adjustment has been applied to TReAD.
In detail, to correct the biases induced by the grid-average elevation of TReAD when evaluating the
simulated temperature, the elevation of the station which is closest to each grid cell has been used to
adjust the temperature. After the elevation adjustment, TReAD was then re-gridded to 1 km with

bilinear interpolation method.

Another important observational data set is the Himawari 8-derived shortwave radiation (Bessho et
al., 2016). To compare the simulated radiation of TReAD, both station-based and satellite-derived
CWA (i.e., available for the period from 2011 to 2018) data sets have been used. However, there is
no radiation measurement for some stations in the early years of the period. Therefore, only the grid

points of TReAD that the station measurements are available have been used for fair comparison.

suoIssnoasiq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-242
Preprint. Discussion started: 20 April 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

192 3 Results and Discussion

193 3.1  2-m air temperature

194 The TReAD temperature data was firstly evaluated using CWA observations. To understand the
195  overall performance (and its variability) of TReAD, the 40-year average correlation coefficients and
196  Root Mean Square Errors (RMSEs) of daily temperatures between the elevation-adjusted TReAD
197  and the CWA data were computed and shown in Figure 5.
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200 Figure 5. The average (a) correlation coefficients and (b) RMSEs (°C) of daily temperatures between
201  the elevation-adjusted TReAD and the station-based CWA data for the period from 1980 to 2019.
202  The dashed lines represent the average of all stations and the blue points and red lines in each boxplot
203  indicate means and medians, respectively.

204

205  The result of the comparison between the point-based CWA and area-average TReAD temperatures

206 is generally satisfactory for most of the stations. The (interquartile of) correlation coefficients are
207  above 0.7 for 90% of the stations with the average of 0.86. Moreover, most (interquartile of) RMSEs
208  fall in between 0.5-1.5. However, the performances of the mountainous stations are relatively lower.
209  For instance, the correlation coefficients and RMSEs of the Yushan station range between 0.5-0.8
210  and 1.5-2.5, respectively. This indicates the difficulty of modeling grid cells with high altitudes (e.g.,
211  above 3000 m). Nevertheless, the other two high-land stations (Alishan and Sunmoonlake with
212 elevations above 2400 and 1000 m) attain the results that are comparable with the values of the flat
213 plain.

214
215
216
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218

219  Figure 6. Anomalies of annual mean temperature for (a) TReAD and (b) CWA from 1980 to 2019.
220 The red and blue bars represent hotter and cooler years when compared to the average of the entire
221 period. The black time series indicate 5-year moving averages of annual mean temperatures. The
222 green lines are the 40-year trend (linear regression).

223

224 In addition to the correlation coefficients and RMSEs, the mean biases were also evaluated (see

225  Figure 5) to better understand the feature of differences (TReAD minus CWA). In general, TReAD

226  tends to underestimate temperatures in those mountainous locations such as Yushan, Alisan and
227  Sunmoonlake by 1.2-1.9°C and overestimate temperatures in the other stations like Taichung and
228  Taipei by 0.8-1.2°C. What’s more, the long-term trend and the relevant interannual variability are
229 important and have been analyzed (see Figure Sla), it is found that there are similarly increasing
230 trends of temperature for both data sets from 1980 to 2019. The interannual variabilities are analogous
231  as well. This long-term trend remains for both datasets even when evaluating the mountainous and
232 plain areas separately (not shown here). Therefore, TReAD well reproduces the observed long-term
233 warming trend and the variability in Taiwan, including the sharp up-and-down occurring around 1998.

234
235  The correlation coefficients of monthly temperatures were further examined in four seasons: 0.92,

236 0.73, 0.86 and 0.95 in spring, summer, fall and winter. The relatively lower correlations in summer

237  could be mainly due to the fact that there are more small-scale convective systems during summer.

238
239
240
241
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243 Figure 7. 40-year mean biases (TReAD minus TCCIP) of daily temperatures in four seasons for the
244 period from 1980 to 2019. The blue (red) grid cells represent that TReAD shows cool (warm) biases.
245

246  Figure 7 shows the seasonal patterns of mean biases of daily temperatures between TReAD and

247  TCCIP data sets. Overall, the 40-year mean biases vary with Taiwan’s terrain. Specifically, TReAD
248  shows negative anomalies (cool biases) in the mountainous regions in all the four seasons and a
249  relatively weak overestimation (warm biases) on the plain mainly in spring. As such, attention should
250 be drawn from the users who are interested in the long-term changes in the major cities and in the
251  mountainous areas.

252
253  To understand the differences of the long-term trend and interannual variabilities of temperatures

254  among TReAD, CWA and TCCIP, the time series of annual mean of daily temperatures (including
255  mean, maximum and minimum) for the entire 40 years (1980-2018) are shown in Figure 8. It is shown
256  that the observed 40-year warming trend and the interannual variability of all three temperatures are
257  realistically reproduced by TReAD (and TCCIP) when comparing with CWA. However, TReAD and
258 TCCIP show varying biases for the maximum and minimum temperatures. Specifically, TReAD

259  underestimates the daily maximum temperatures by around 1°C and slightly overestimates daily

11
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minimum temperatures by around 0.2°C (see the red and black lines in Figure 8b and 8c). It is
worthwhile to mention here that TReAD could effectively capture the peaks (e.g., in 1998) seen in

the time series of observations for the daily mean, maximum and minimum temperatures.
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Figure 8. Annual time series of daily (a) mean, (b) maximum and (c¢) minimum temperatures of
Taiwan as a whole for the period from 1980 to 2018. The black, red and blue lines represent CWA,
TReAD and TCCIP, respectively. The slopes of the linear trends of each time series are given in the
legends.

3.2 Precipitation

As shown in Figure 9, TReAD shows a reasonable performance for precipitation although there are
relatively lower long-term correlation coefficients and higher RMSEs when compared with
temperature described in Section 3.1. The overall average of correlation coefficients is 0.59 and its
seasonal variability ranges between 0.57-0.62 (not shown here). Furthermore, the correlation
coefficients do not show a regional pattern i.e., the values are similar in both plain and mountainous
areas. By contrast, there are higher RMSEs of TReAD’s precipitation in mountainous stations than

in the plain.

In terms of the interannual variability and long-term trend, Figure 10 shows the anomalies of annual
precipitation for both TReAD and CWA. It is shown that TReAD well reproduces the observed
interannual variability of precipitation as well as the 40-year increasing trend. In particular, the two

peaks around the years 2000 and 2006 can be seen in both time-series.
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283  Figure 9. The average (a) correlation coefficients and (b) RMSEs (mm) of precipitation between
284  TReAD and CWA data sets for the period from 1980 to 2019. The dashed lines represent the average
285  of all stations and the blue points and red lines in each boxplot indicate means and medians,
286  respectively.
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289  Figure 10. Anomalies of annual precipitation for (a) TReAD and (b) CWA from 1980 to 2019. The
290 red and blue bars represent wet and dry years when compared to the average of the entire period,
291  respectively. The black time series indicates 5-year moving averages of precipitation. The green lines
292  are the 40-year trendline of linear regression.

293

294  To evaluate the variabilities of the spatial distribution of seasonal precipitation, TReAD is compared
295  with TCCIP for four seasons (i.e., spring, summer, autumn and winter). As shown in Figure 11, the
296  key characteristics of spatial pattern of the seasonal precipitation of the TCCIP data set can be well
297 reproduced by TReAD. For example, the maximum precipitation observed in the north and
298 northeastern areas in winter and spring seasons can be realistically simulated. In summer, the rainfall
299  pattern is influenced by the prevailing southwestern wind and the terrain effect. Thus, the heavy
300 rainfall simulated by TReAD could be seen over the southwestern Taiwan as well as along the
301 windward side of the mountain located in the center (see Figure 1). In autumn, the northeastern
302 monsoon brings the moisture to the north and northeastern areas of Taiwan where TReAD reasonably
303  reproduced the pattern. However, Figure 11 (bottom row) shows that TReAD basically overestimates
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304  precipitation in Taiwan, particularly over mountainous regions in summer and autumn when

305 compared with TCCIP. Since the observation stations in the mountainous region are relatively fewer

306 and sparsely distributed, there could be higher biases for the reconstructed TCCIP precipitation.
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308  Figure 11. 40-year average of seasonal and annual precipitation for (top row) TReAD, (mid row)
309 TCCIP and (bottom row) the biases (TReAD minus CWA) for the period from 1980 to 2018. Seasons
310 are indicated as the title of each column: winter, spring, summer and autumn and the yearly mean

311  (from left to right).
312

313  To be better applied to climate change impact and adaptation fields, the capability of reproducing

314  extreme precipitation events is important and has been evaluated by assessing the typhoon Morakot

315  that resulted in severe flooding events across Taiwan in 2009. As shown in Figure 12, the spatial

316  patterns of the observed (TCCIP) daily precipitation throughout the four days are well simulated by

317 TReAD. It is clear that TReAD reproduced the 4-day evolution while slightly underestimating the

318  precipitation in the mountain areas that could be seen in the total and average precipitation shown in

319  the two right-end columns.
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Figure 12. Variabilities of precipitation of TReAD and TCCIP for the typhoon Morakot in 2009

3.3 Atmospheric pressure

In addition to the effect of Taiwan’s complex topography, the atmospheric pressure is significantly
affected by strong weather systems such as typhoons which are common in summertime Taiwan.
Figure 13 shows the correlation coefficients and RMSEs of atmospheric pressure of TReAD against
CWA for the period from 1980 to 2019. Overall, TReAD performs well in terms of both metrics:
correlation coefficients are well above 0.93 and RMSEs fall below 2 hPa for the majority of the CWA
stations. However, the correlation coefficients are slightly lower for mountainous stations such as
Yushan, Alishan and Sunmoonlake. The biases might come from the remaining discrepancies of
elevation between the model grids and the stations even if the former was adjusted. Additionally,
Lanyu also attains lower correlation coefficients possibly because that model fails to capture its exact

location due to the small size (around 45 km?).

(a) Correlation coefficient (b) RMSE
1.00- 12
REERHE $ﬁ5$$é:ﬁﬁﬁ$$ﬁEHET
0 LS R T E
0.98
8
0.97
6
0.96
0.95 4 -|— é
0.94 2 I g éé@ _____
093 0 ;ééé;§$= =3 &z Bad
’ SO0 3930 03I DD S I3QYCC S5 00 30D 0SS OCSC I TDDCC 33 UCC
iy R e R Rt I I b
< ok S ‘50 a 530G =3 < o~ = ‘O @ ‘S =3
Fe fpEgTT 2T RPE §8%% Fe fp&gTT 2T R2E §8%F
[a) ST S g [a) N S E
A A

Figure 13. The average (a) correlation coefficients and (b) RMSEs (hPa) of atmospheric pressure

between TReAD and CWA data sets for the period from 1980 to 2019. The dashed lines represent

the average of all stations and the blue points and red lines in each boxplot indicate means and
15

suoIssnosIq



Earth System
Science

Data

https://doi.org/10.5194/essd-2026-242
Preprint. Discussion started: 20 April 2026
(© Author(s) 2026. CC BY 4.0 License.

Open Access

338 medians, respectively.
339
340 To further examine TReAD’s performance of temporal variability of air pressure, four stations for

341  both plain and mountainous areas are selected: Taipei, Taichung, Dawu, and Yushan. The time series
342  of daily atmospheric pressure of TReAD and CWA in September 2001 (during two typhoon events
343  (Nari of 16-19 and Lekima of 26-28) are shown in Figure 14. Generally, TReAD well simulated the
344  variabilities of atmospheric pressure for all four stations. Particularly, the two drops induced by
345  typhoons have been reasonably replicated by TReAD. However, TReAD underestimated the air

346  pressure in Yushan station by about 12 hPa possibly due to the lower intensity of the simulated

347  typhoon.
348
Daily atmospheric pressure (hPa) in four CWA stations
in September 2001 (during Nari and Lekima typhoons)
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350 Figure 14. Time series of daily atmospheric pressure of TReAD (red lines) and CWA (black lines) in
351  (a) Taipei, (b) Taichung, (c) Dawu and (d) Yushan stations in September 2001. Typhoons Nari and
352  Lekima hit Taiwan between 16-19 and 26-28 September, respectively.

353

354 34 Shortwave radiation

355  Radiation is one of the most important climate factors for impact studies such as the urban heat island
356  (UHI) field (Ulpiani, 2021) because of its significant impact on surface temperature through the
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357  energy budget at regional scale. The 40-year averages of correlation coefficients and RMSE of
358  shortwave radiation between TReAD and CWA data sets for the period from 1980 to 2019 are
359 assessed and shown in Figure 15. The medians of correlation coefficients are often above 0.6 with
360 the all-station average of 0.70 and the medians of RMSEs range between 6-10 (MJ m). No regional
361 characteristics can be found for both metrics. As for the interannual variability of the radiation
362 anomalies for the same period as shown in Figure 16, the variability of TReAD ranged between %1
363  which is smaller than that of CWA. The performance of TReAD on the long-term variability of
364  radiation is poor although the two positive anomalies around the years 2004 and 2010 are relatively

365 comparable.

366
a) Correlation coefficien
Correlat fficient b) RMSE
1.0 18
AUEBAAN ALAe u
08
ARAARAAAL 0l ABATTAT 1
osf TITTHT TUTURHTTHTTY ol goIpbhLiEEant 1 Treda T
: oot T L TR
AL L Lt Gl e e =
0.2 4
2
00 35 ‘D o S C jo)} cC 33 L CcC 0 5 ‘O o S C [o)} cC 33 LVCcC
EE2 S  EREC5 23058522255 BE2 B SRR C5 22058522255
sl S c 50RO 98 I35 L] SR S50z gS0E 98 <3523
Fe 2 S g s2T SE-hs Fe fgdE S g 21 g8<>
] N 2 € 8 N+ 2 £
O = O s
367 3 3

368  Figure 15. The average (a) correlation coefficients and (b) RMSEs (MJ m) of shortwave radiation
369  between TReAD and CWA data sets for the period from 1980 to 2019. The dashed lines represent
370 the average of all stations and the blue points and red lines in each boxplot indicate means and
371  medians, respectively.
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374  Figure 16. Anomalies of annual shortwave radiation for (a) TReAD and (b) CWA from 1980 to 2019.
375 The red and blue bars represent positive and negative years when compared to the average of the
376  entire period, respectively. The black time series indicates 5-year moving averages of shortwave
377  radiation. The green lines are the 40-year trendline of linear regression.

378
379  Tounderstand the improvement of the simulated radiation, from ERAS to TReAD, the daily radiation
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380 datasets have been evaluated by comparing with CWA for the period from 2011 to 2018. As shown
381 in Figure 17, the high-resolution TReAD could well resolve the observed spatial pattern of radiation
382  when compared with the 25-km resolution ERAS5 although the former tends to show positive biases
383  across Taiwan. Moreover, the enhancement of performance can be seen by the increased correlation
384  coefficients from ERAS to TReAD throughout the seasons of a year, particularly in summer and
385  autumn, as shown in the corresponding panels of Figure 17. The improved and detailed information
386  ofradiation is valuable for the subsequent impact study. For instance, TReAD could be a solution for
387  the inability of provision of the long-term historical radiation by short-term satellite-derived
388  observations and then provide more opportunities for the heat island field by supplying historical high

389  spatial resolution radiation data.

390
Spatial distribution of seasonal and annual mean radiation of
CWA, TReAD and ERAS for the period from 2011 to 2018
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392  Figure 17. Spatial distribution of seasonal and annual mean shortwave radiation of CWA (satellite-
393  derived), TReAD and ERAS5 for the period from 2011 to 2018. The correlation coefficients of
394  simulated radiation against CWA are shown at the top-left corners of the panels of TReAD and ERAS.
395

396  Since radiation is significantly affected by the cloud-related weather systems (e.g., convective

397  precipitation or typhoons), the simulated daily cumulative radiation has been further assessed by
398  comparing it with CWA data sets (both station-based and Himawari-8 derived) for four observation
399  stations (i.e., Taipei, Taichung, Dawu, and Kaohsiung) as shown in Figure 18. Overall, TReAD can
400  capture the daily variabilities of radiation for all four stations and in the four months even though the
401  aforementioned biases remain. Furthermore, it is worthy mentioning that TReAD well simulated the

402  drop of radiation on 7-9 July that typhoon Nepartak hit Taiwan in 2016.
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403
Comparison of the daily cumulative radiation of TReAD and
CWA at four stations in January, April, July, and October 2016
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405  Figure 18. Daily cumulative shortwave radiation (W m) of (red) TReAD, (blue) CWA (Himawari-
406 8 derived) and CWA (station-based) at Taipei, Taichung, Dawu, and Kaohsiung observation stations
407  (row-wise) in January, April, July, and October (column-wise) 2016

408

409 3.5  Wind velocity

410  Wind velocity is an important climatic factor for the application sectors. On the one hand, it has been
411  linked to the cooling of air temperatures in the urban areas (Memon et al., 2010) and can be an
412  efficient solution for the UHI issues (Wang et al., 2024). The wind extreme events (such as wind
413  gusts induced by typhoons) can, on the other hand, cause damage to vegetation in the ecological
414  sector (Wang and Huang, 2023). However, the measurements of wind velocity are much sparsely
415  distributed than temperature and precipitation. Thus, interpolation methods have been frequently
416  applied to estimate it over the regions without observations (Luo et al., 2008).

417  To evaluate TReAD’s wind velocity, it has been compared to the station-based CWA and the original
418 ERAS data sets. Figure 19 shows the average correlation coefficients and RMSEs of daily wind
419  velocity of TReAD against CWA data for the period from 1980 to 2019. The all-station average of
420  correlation coefficients is 0.69 and the majority of plain stations attain values above 0.6 while
421  mountainous stations show a relatively poor performance (around 0.3-0.5) and larger differences
422  among stations. In terms of RMSEs, most stations attain values well below the average (the dashed
423  line) but there are larger biases for some stations like mountainous regions (Yushan) and remote

424  islands (Lanyu and Penghu) probably due to the imprecise information on terrain (including land-sea
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425  intersections).
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428  Figure 19. The average (a) correlation coefficients and (b) RMSEs (m s') of daily wind velocity
429  between TReAD and CWA data sets for the period from 1980 to 2019. The dashed lines represent
430 the average of all stations and the blue points and red lines in each boxplot indicate means and
431  medians, respectively.

432

433 The 40-year long term trend of wind velocity has also been evaluated by comparing the anomalies of
434 wind velocity against CWA data as shown in Figure 20. The wind velocity simulated by TReAD
435  shows a decreasing trend as that of CWA during the entire period although the performance is
436  relatively poor in the first half of the period. Specifically, TReAD’s annual anomalies are much

437  smaller, particularly during the first two decades.
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439  Figure 20. Anomalies of wind velocity for (a) TReAD and (b) CWA from 1980 to 2019. The red and
440  blue bars represent positive and negative years when compared to the average of the entire period,
441 respectively. The black time series indicates 5-year moving averages of wind velocity. The green
442 lines are the 40-year trendline of linear regression.

443
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444 wind velocity (m s1)
445  Figure 21. Differences of the average wind velocity between TReAD and ERAS (TReAD minus

446  ERADS) for (a) January, (b) April, (c) July and (d) October of the entire period

447
448  To understand the improvement of the spatial pattern of wind velocity simulated by TReAD, it has

449  been compared with ERAS5 for January, April, July and October of the 40-year period as shown in
450  Figure 21. Firstly, TReAD shows improved wind velocities particularly along the coastline. Since the
451  low horizontal resolution of ERAS resulted in a significantly imprecise land fraction for Taiwan (see
452  Figure S2), the induced incorrect roughness then led to biases in wind velocity i.e.,
453  overestimate/underestimate in land/oceanic portion of the coastal grid cells. Figure 21 shows that
454  TReAD’s wind velocities are smaller (higher) in the land (oceanic) areas along the coastline when

455  compared to that of ERAS mainly due to the improved details of land-sea distribution.

456
457 In terms of daily variability, TReAD and ERAS have been assessed by comparing with CWA

458  observations as shown in Figure 22. The comparison of daily wind velocities reveals that TReAD
459  simulation shows an improvement i.e., refining the wind velocity of ERAS at coastal stations like
460 Dawu and Kaohsiung. For instance, the strong wind velocities overestimated by ERAS for the Dawu
461  station have been remarkably improved by TReAD, showing smaller biases against CWA particularly
462 in January, July and October. Moreover, TReAD also shows improvement when ERAS
463  underestimated wind velocities. Taking Kaohsiung station as an example, the underestimated wind
464  velocities by ERAS in April, July and October have been enhanced by TReAD (closer red and black
465  lines).
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Comparison of the wind velocities of TReAD, ERAS and CWA
at four stations in January, April, July, and October 2016
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467  Figure 22. Daily wind velocities of TReAD (red), ERAS (blue) and CWA (black) at four stations (i.e.,
468  Taipei, Taichung, Dawu and Kaohsiung) in January, April, July and October 2016

469 3.6  Relative humidity

470  Relative humidity is another important variable for climate change impact study. In addition to the
471  aforementioned UHI field, the research on the impact of climate change on animal husbandry also
472 highlights the importance of relative humidity e.g. the Temperature Humidity Index is frequently
473  used as a hazard indicator for cows’ industry (Liu et al., 2018). Therefore, TReAD aims to fill the
474  gap by providing a 40-year gridded relative humidity data set for Taiwan which has not been available
475  for decades.

476
477  Figure 23 shows the correlation coefficients and RMSEs of relative humidity between TReAD and

478  CWA data sets. The all-station average of correlation coefficients is 0.73. The median of the majority
479  of stations attains values above 0.7 while that of Hualien and Chenggong stations fall around 0.6. As
480 for RMSEs, TReAD shows varying results with most stations ranging between 5% and 10% although
481  there are higher RMSEs for some stations such as Yushan and Taichung stations. Since relative
482  humidity is highly affected by temperature, thus the stations with higher biases of temperature often
483  come with larger differences of relative humidity. On top of that, both land use/land cover and local
484  weather systems like small-sale convective conditions and extreme events could simultaneously
485  affect relative humidity, so the RMSEs show diverse performance across the stations.

486
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488  Figure 23. The average (a) correlation coefficients and (b) RMSEs (%) of relative humidity between
489  TReAD and CWA data sets for the period from 1980 to 2019. The dashed lines represent the average
490 of all stations and the blue points and red lines in each boxplot indicate means and medians,
491  respectively.

492

493  As for the interannual variability of relative humidity and the 40-year long term trend, TReAD
494  generally reproduced comparable results as CWA as shown in Figure 24. It can be seen that the
495  decreasing trend has been well simulated and the change from positive anomalies to negative
496  anomalies can be reasonably simulated when comparing the first and second half of the whole of 40
497  years.
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499  Figure 24. Anomalies of relative humidity for (a) TReAD and (b) CWA from 1980 to 2019. The red
500 and blue bars represent positive and negative years when compared to the average of the entire period,
501 respectively. The black time series indicates 5-year moving averages of relative humidity. The green
502 lines are the 40-year trendline of linear regression.

503
504  As assessed for the other variables, Figure 25 shows the comparison of daily relative humidity

505 Dbetween TReAD and CWA in January, April, July and October 2016 to understand its performance
506 at a shorter timescale. Overall, the timeseries of relative humidity are comparable between two data
507 sets in the four months in 2016. However, some discrepancies remain e.g., TReAD underestimated

508 relative humidity for Taichung stations in all four months by up to around 20%. Nevertheless,
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509 TReAD’s simulations closely follow the observed fluctuation at Kaohsiung station.

Comparison of the relative humidity of TReAD and CWA
at four stations in January, April, July, and October 2016
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512 Figure 25. Daily relative humidity of TReAD (red) and CWA (black) at four stations (i.e., Taipei,
513  Taichung, Dawu and Kaohsiung) in January, April, July and October 2016

514 4 Data availability

515 TReAD data are available in the SciDM platform (Cheng et al., 2025, https://doi.org/10.30193/scidm-

516  1s-2576295). At this link, monthly values of mean temperature at 2 m height, near-surface relative
517  humidity, mean precipitation, accumulated downwelling shortwave flux, surface pressure and wind
518 speed at 10 m height for Taiwan at 2 km spatial resolution can be found. For the evaluation of our
519 TReAD data, different reference data were used, which are available online. Station data of Central
520 Weather Administration (CWA) of Taiwan are available at Climate Observation Data Inquire Service

521 (CODiS, https://codis.cwa.gov.tw/StationData). TCCIP’s 5 km gridded observation datasets are

522  available for different domains, formats and temporal resolutions are available upon request via

523  project webpage (https://tccip.ncdr.nat.gov.tw/ds_03_mall.aspx).

524 5 Conclusion

525  There has been an increasing demand for long-term gridded observation data for the climate change
526  impact studies. Specifically, the quality and spatial resolution of the data are important particularly
527  over the regions with highly diverse topography such as Taiwan. There are three key challenges that
528 are focused in this work: firstly, the availability of observational data in the mountainous regions is
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529  still low; secondly, the accessible ECVs cannot fulfill the growing need for the impact studies; thirdly,
530 a high temporal resolution gridded data set is important but still missing for the reconstruction,
531 analysis and the multidisciplinary application of historical climate in Taiwan. Therefore, this study
532 aims to re-forecast the detailed variability of a range of ECVs at a gridded basis across Taiwan from
533 1980 to 2019 by dynamically downscaling approach.

534
535  As for the data and method, the global ERAS reanalysis product has been downscaled to Taiwan’s

536  domain (2-km resolution) by using WRF model along with the other global/local observational data
537  sets including USGS’s terrain elevation data at 1-km resolution and 500-m land use data of Taiwan
538 (Chen et al., 2019). Furthermore, to minimize the biases that are accumulated through the 40-year
539  simulation, we combined the second 6-hour reforecasts of all the 12-hour simulations and obtained
540 the long-term reconstruction of historical climate in Taiwan (i.e., TReAD). In terms of evaluation,
541  six ECVs (i.e., 2-m air temperature, precipitation, atmospheric pressure, shortwave radiation, wind
542  velocity and relative humidity) have been quantitatively assessed to understand the biases of varying
543  aspects of TReAD by compared with independent observations such as CWA’s ground-based and
544  satellite-derived data.

545
546  Overall, the result shows that all six ECVs of TReAD well capture the observed long-term

547  characteristics of CWA’s observational data. For example, the 40-year correlation coefficients for
548  most variables are above 0.7 while precipitation attains slightly lower values around 0.6. Importantly,
549  the observed warming trend can be seen in TReAD’s temperature data as well. As for the differences
550 of performance between the stations, both correlation coefficients and RMSEs generally show larger
551  biases for the stations in the mountainous region such as Yushan.

552
553  When compared to the average of the entire 40 years, the observed interannual variabilities of the

554  anomalies can be well reproduced by TReAD for all the ECVs except for wind velocity and shortwave
555 radiation in which smaller anomalies were simulated. Nevertheless, TReAD effectively and
556  significantly improves the spatial pattern and details of these two variables when compared to ERAS.
557  Taking shortwave radiation as an example, the spatial correlation coefficients during summertime
558 against CWA were increased from 0.5 to 0.72 as shown in Figure 17. Moreover, the spatial pattern
559  seen in the observations, particularly in the central mountainous areas, have been well resolved in
560 TReAD of 2-km resolution. On top of that, Figure 21 shows that TReAD constructively corrects the
561  Dbiases of ERAS’s wind velocities along the coastline.

562
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564  Figure 26. Taylor diagram of spatial distribution of annual averages of the six ECVs namely 2-m air
565 temperature (1 - T2), atmospheric pressure (2 - PSFC), relative humidity (3 - RH2), shortwave
566 radiation (4 - SW), wind velocity (5 - WS) and precipitation (6 - RAIN) against CWA dataset

567
568  Figure 26 shows the relative ranking of six ECVs in terms of the spatial distribution of annual

569  averages. The variables attaining higher scores are atmospheric pressure and temperature followed
570 Dby relative humidity and wind velocity. Specifically, the average correlation coefficients of the first
571  two variables are above 0.8 and 0.9, respectively. However, both ECVs suffer larger biases for the
572  mountainous regions. As for the latter two variables, improvements can be identified while
573  discrepancies remain. As mentioned, overestimation/underestimation of wind velocities in the
574  land/oceanic portions of grid cells have been improved given that the land-sea distribution was
575  significantly enhanced. However, higher RMSEs can be seen in some remote islands such as Lanyu,
576 in addition to the high-elevation locations (e.g., Yushan), probably due to imprecise terrain
577  information.

578
579  The performance of shortwave radiation and precipitation is relatively lower. Both variables are

580  highly affected by cloud-related weather systems such as typhoons and small-scale convective
581  systems that frequently hit Taiwan, thus it indicates that the intensity or location of such systems
582  might not be precisely simulated by WRF. As such, these two ECVs should be used with cautions
583 and may need further correction. Despite that, the observed seasonal and annual spatial distribution
584  of precipitation can be reasonably reproduced (see Figure 11) with wet biases mainly over the eastern
585  side of the central mountain ranges. Additionally, the precipitation variability of typhoon Morakot in
586 2009 can be fairly reconstructed (see Figure 12). Furthermore, the long-term trend of annual

587  precipitation anomalies was realistically simulated for the entire period.
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588
589  To sum up, the newly reconstructed TReAD data set is the first long-term gridded historical climate

590 data with high spatio-temporal resolution for Taiwan. A range of ECVs, including those that were
591 inaccessible from traditional observation data, have been validated using station-based and satellite-
592  derived data sets and can now be applied to the subsequent climate-related impact research. This
593  paper shows that dynamical downscaling can be a powerful tool to rebuild small-scale weather
594  patterns such as typhoons over the regions with high-rising mountains like Taiwan. The possibilities
595  of the future works followed include the validation of the variables at upper level of atmosphere,
596  reconstruction of the historical climate further backward with longer ERAS, etc. More importantly,

597  climate change impact studies are welcome to use TReAD which has been accessible upon request.
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