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ABSTRACT ARTICLE HISTORY
Using the daily maximum temperature from the 0.5° x 0.5° grid Received 9 July 2024
datasets (V2.0) covering China during 1961-2020, this study con- Accepted 23 June 2025
ducts a decadal-scale spatio-temporal analysis of summer daily
maximum temperatures across eastern China (east of 110°E,
excluding Inner Mongolia and Northeast China). The results indi- h 2

q g 5 eatwave; variation of
cate that daily maximum temperatures during the summer trend; spatio-temporal
months (June-August) exhibited a significant warming trend distribution; model
across three statistical measures—minimum, mean, and maximum evaluation
values. The minimum temperature showed the most pronounced
increase, rising by over 2°C in the past six decades and accompa-
nied by a broader temperature distribution. This trend was espe-
cially evident in central and eastern regions, indicating a marked
intensification in both the frequency and severity of extreme heat
events. Additionally, the study evaluated the performance of four
operational forecasting models—CMA, ECMWF, NCEP, and
UKMO—uwhich participate in the Subseasonal to Seasonal (S2S)
Prediction Project. The assessment found that short-term forecasts
(1-10days) had relatively small biases and high accuracy. UKMO
is more reliable for short-term applications, while ECMWF shows
greater potential for extended-range forecasting. In terms of heat-
wave prediction, all four models performed well at the 5-day lead
time, with CMA producing the most accurate forecasts.

KEYWORDS
Extreme high temperature;

1. Introduction

The Intergovernmental Panel on Climate Change (IPCC) released the Working
Group I report, ‘Climate Change 2021: The Physical Science Basis’, in August 2021.
This report indicates that since 1970, the rising rate of surface temperature globally
has been faster than during any 50-year period over the past 2000 years (Shi 2012; Lu
et al. 2022). Among all countries, China stands out as a region significantly sensitive
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to and impacted by global climate change, with a temperature increase rate notably
higher than the global average during the same period. The increase of two major
disastrous weather events in China (Ding and Qian 2011), high temperatures and
subsequent heatwaves, has drawn widespread attention from scholars (Zhai and Pan
2003; Lin and Guan 2008; Sun et al. 2011; Li et al. 2015; Dong and Wu 2019; Xie
et al. 2020). From 1951 to 2020, its annual average surface temperature has risen at a
rate of 0.26 °C per decade. Studies have found that the number of extremely hot days
in China on average has increased by about 8.5%, with the eastern and northwestern
regions experiencing more intense heat (Sun et al. 2014; Yu and Sun 2019). The east-
ern part of China, situated within the East Asian monsoon region, is flanked by the
Pacific Ocean to the east and the Qinghai-Tibet Plateau to the west, which to a cer-
tain extent contributes to its complex and varied climate system. And it is densely
populated, mainly flat in terrain, and predominantly covered by farmland, making it
one of the important centers for agricultural and economic development (Jiang 2021;
Long 2022). Therefore, studying such extreme heat events over Eastern China under
the global warming can provide crucial information for early warning and mitigating
the negative impacts (Wang 2020).

Frequent heatwaves have impacts on natural ecosystems and human health. In
order to reduce their negative effects, scientists aim to accurately predict their occur-
rence to implement emergency mitigation measures promptly. It is crucial to predict
the heatwaves with a lead time exceeding 10 days, while the processes of physical
mechanisms underlying medium-range and long-range weather forecasting still pre-
sent numerous unresolved issues because of many objective constraints, making it
challenging to both research and operation (Yang 2008; Hu et al. 2020). To advance
the understanding on the sub-seasonal to seasonal time scale and improving forecast
skill of extreme events, the World Weather Research Programme and the World
Climate Research Programme jointly established the Sub-seasonal to Seasonal (S2S)
Prediction Project. A key output of this project is the creation of a database contain-
ing reforecast and real-time ensemble forecast provided by 11 global operational
meteorological agencies, which can be utilized to evaluate the capabilities of predict-
ing extreme climate events among models participating in the S2S project. There is
still a significant research gap in domestic researches on the predictability of heatwave
occurrences using S2S models at present. Some research found that capturing sea-
sonal oscillations in circulation anomalies was difficult for ECMWEF model, which
resulting in limited skill within a two-week lead time, through evaluating the forecast-
ing ability of this model for the 2012 heatwave event in the Yangtze River Basin (Qi
and Yang 2019). In the following year, another research evaluate three S2S models
(ECMWF, CMA and NCEP) and identify the key factors affecting the sub-seasonal
predictability of heatwaves in the same place (Xie et al. 2020). However, research on
S2S models in Eastern China is currently limited and mostly focused on precipitation
forecasting (He 2020; Wang and Li 2022), leaving a notable deficiency. Therefore,
this study aims to evaluate the capability of four S2S models (CMA, ECMWF, NCEP,
and UKMO) in forecasting daily maximum temperatures and heatwave events over
eastern China during the summer of 2022. The evaluation focuses on multiple lead
times (from 1 to 40 days), examining both the spatial and temporal prediction skill as
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well as the bias and accuracy of each model. Prior to this, the study also conducts a
long-term temporal and spatial analysis of summer temperature trends from 1961 to
2022 to establish a background understanding of the regional climate context. The
findings enhance understanding of sub-seasonal forecast skill and offer support for
improving model-based early warning systems for extreme heat events.

2. Data and method
2.1. Data

The dataset used in this study is derived from the 0.5°x0.5° gridded daily surface
temperature dataset (V2.0) compiled by the National Meteorological Information
Center of China. This dataset was constructed using thin plate spline (TPS) interpol-
ation, integrating three-dimensional geographic information and based on observa-
tions from 2,472 surface weather stations across mainland China (excluding the
offshore island stations of Xisha and Coral). Notably, data from Taiwan Province are
not included. The analysis focused on daily maximum temperatures during the sum-
mer months (June to August) from 1961 to 2022. For model validation, real-time
subseasonal-to-seasonal (S2S) forecast data of daily maximum temperatures from
June to August 2022 were employed, produced by the European Centre for Medium-
Range Weather Forecasts (ECMWF), the National Centers for Environmental
Prediction (NCEP), United Kingdom Meteorological Office (UKMO), and the China
Meteorological Administration (CMA). These forecast data were obtained from
ECMWF | S2S, ECMWF, Realtime, Instantaneous and Accumulated.

2.2. Method

2.2.1. Definition of anomaly and heatwave

When analyzing the case of 2022, the extremity of the climate conditions was high-
lighted through the calculation of anomalies in daily maximum temperatures.
Anomaly refers to the deviation of a meteorological variable from its standard clima-
tological normals, and can be either positive or negative. According to the World
Meteorological Organization (WMO), standard climatological normals is defined as
the average of a given variable over the most recent three complete decades, repre-
senting the long-term mean state of that variable in a specific region. These reference
periods are updated every ten years. For instance, the mean of 1961-1990 serves as
the climate standard for the period 1991-2000. Accordingly, this study adopts the 30-
year average from 1991 to 2020 as the reference.

For heatwave, there is no universally accepted standard for defining it currently
(Ding et al. 2010; Perkins and Lewis 2020). Different studies propose various defini-
tions; however, it is generally agreed that heatwaves represent periods of sustained
elevated temperatures (Perkins 2015). This study adopts the widely used relative
threshold method for defining heatwaves, identifying a heatwave at a given grid point
as a period of three or more consecutive days with daily maximum temperatures at
or above the 90th percentile of the temperature series (Alexander et al. 2006; Perkins
et al. 2012; Stefanon et al. 2012; Zhang 2021).
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2.2.2. The metrics for evaluation

For the evaluation of S2S model, the anomaly correlation coefficient (ACC) and tem-
poral correlation coefficient (TCC) are used to respectively evaluate the similarity of
the spatial distribution and temporal evolution between the prediction and observa-
tion. The root-mean-square error (RMSE) estimates the amplitude biases of predic-
tion, for which smaller values indicate a better fit and lower error. The specific
definitions of these evaluation metrics are as follows (Xie et al. 2020):
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where obsy,;; represents the observed temperature, ref;, ;. represents the modeled
temperature, ¢ denotes a specific time, i and j represent specific latitude and longi-
tude, I denotes the period validity, and M, N, T represent the total number of longi-
tudes, latitudes, and times, respectively.

The categorical verification score known as the Heidke Skill Score (HSS) serves as
the metric to evaluate the hit rate of heatwave days (P. Heidke 1926), which is
defined as follows:

B 2(ad = be)
HSS_(a—i—c)(c—i—d)—i—(a—i—b)(b—i—d) )

where a represents the number of observed heatwave days that are correctly predicted,
b is the number of false alarms, ¢ represents the observed heatwave days that are not
predicted, and d is the number of correct rejections. HSS ranges from —oo to 1.
A negative value indicates that the random forecast is better, while a value of zero
means no skill. A perfect prediction obtains an HSS value of 1.

2.2.3. Reconstruction of model’s data

The forecast products from UKMO and NCEP are initialized daily, whereas those
from CMA and ECMWF are issued twice weekly, specifically on Mondays and
Thursdays. To facilitate a consistent comparison of forecast performance among the
four models, a data reconstruction method proposed in previous studies (Yang et al.
2018; Qi and Yang 2019; Xie 2021) was applied to convert the twice-weekly forecasts
into a daily format. This method uses forecast data from lead times N —2 to



GEOMATICS, NATURAL HAZARDS AND RISK (&) 5

N + 2 days to represent the forecast for day N. If two forecast values are available for
a given lead time, their arithmetic mean is used. The comparison between the original
and reconstructed forecast data at a one-day lead time from CMA and ECMWEF
(Figure 1) revealed similar distributions, indicating that the reconstruction process

does not significantly affect the conclusions regarding forecast skill.
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Figure 1. The spatial distribution of temperature predicted by CMA and ECMWF with the lead

time of 1-day. (a) and (c) are original data, (b) and (d) are reconstructed data.




6 (&) X.SHEN ET AL

3. Results

3.1. Decadal analysis of high temperatures over Eastern China from 1961 to
2020

Figure 2 illustrates the decadal variation in three statistical characteristics of summer
(June-August) daily maximum temperatures across China over the period 1961-2020.
The analysis focuses on the minimum, mean, and maximum values within each dec-
ade. The minimum values show a clear warming tendency in recent decades. While
the 1970s and 1980s exhibit weak or negative trends, a shift toward sustained warm-
ing begins in the 1990s, culminating in a pronounced increase during 2011-2020.
The mean values remain relatively stable in the earlier periods, with only slight varia-
tions in slope. And a more evident upward trend emerges in the most recent decade.
In contrast, the maximum values exhibit greater decadal variability. An increase in
the 1980s is followed by a decline in the 2000s and a near-stable pattern in the 2010s.

The spatial distribution of three statistical measures of daily maximum tempera-
ture—minimum, mean, and maximum—during the summer months (June to August)
across China for six consecutive decades is displayed in Figure 3. Over the past six
decades, the minimum values of daily maximum temperature have shown a clear
upward trend. In the earlier decades, minimum values were relatively low across
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Figure 2. Decadal trend of (a) minimum, (b) mean, (c) maximum of daily maximum temperature
in summer from 1961 to 2020.
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Figure 3. Decadal spatial distributions of (a) minimum, (b) mean, (c) maximum of daily maximum
temperature in summer from 1961 to 2020.

most areas. By 2011-2020, a marked increase had occurred, with values rising from
9.43°C to 11.73°C—an increase of more than 2°C. The mean values of daily max-
imum temperature exhibit a comparable warming pattern. While previous decades
experienced relatively moderate mean temperatures, the 2011-2020 period is charac-
terized by widespread warming, with many regions recording values exceeding 30 °C.
The spatial distribution of the mean values closely resembles that of the minimum,
with elevated temperatures concentrated in southern and eastern areas. The max-
imum values reveal an even more pronounced warming trend. In the most recent
decade, daily maximum temperatures have surpassed 35°C in the vast majority of
areas, indicating a substantial intensification of extreme heat events in both frequency
and magnitude.

In summary, the spatial and temporal patterns indicate that summer daily max-
imum temperatures have increased steadily over the past 60 years. All three statistical
measures—minimum, mean, and maximum-—reflect this warming trend, suggesting
not only a general rise in summertime heat but also an enhancement in the frequency
and severity of extreme heat events.

While the preceding analysis demonstrates the overarching warming trend, a
month-by-month examination further elucidates the nuanced spatiotemporal patterns.
Figure 4 reveals both shared and distinct characteristics in the distribution of daily
maximum temperatures for June, July, and August across six decades from 1961 to
2020. Across all three months, a general warming trend is evident, with the median
temperatures gradually increasing over time. The 2011-2020 period consistently
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Figure 4. Box plot of decadal maximum temperature for each month from June to August.

shows the widest distribution of temperatures, suggesting increased variability and a
higher likelihood of extreme values. From June to August, average daily maximum
temperatures exhibit a clear seasonal progression, with June being relatively cooler
(around 29°C), July peaking at approximately 30°C, and August showing a slight
decline but still maintaining high values, generally between 29 °C and 30°C. Across
all three months, the 2011-2020 decade stands out with a notably wider temperature
distribution, suggesting increased intra-month variability and a higher frequency of
extreme temperature events in recent years.

The spatial distribution of daily maximum temperatures for June, July, and August
across six decades from 1961 to 2020 is illustrated by Figure 5. Common features
across all three months include a clear interdecadal warming trend and an expansion
in the spatial extent of high-temperature areas, particularly in central and eastern
regions. The temperature range has gradually shifted toward higher values, especially
during the most recent decade (2011-2020). Overall, the spatial patterns indicate an
interdecadal increase in both the intensity and extent of summer heat, particularly in
central and eastern parts of the study area. The results suggest that not only have
summer temperatures increased, but the area affected by extreme heat has expanded,
aligning with broader signals of regional climate warming.

3.2. Case simulation assessment of S2S models

3.2.1. High temperatures in 2022
Joint data from the National Aeronautics and Space Administration (NASA) and the
National Oceanic and Atmospheric Administration (NOAA) indicate that the
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Figure 5. Distributions of decadal maximum temperature in each month from June to August.

summer of 2022 was a record-breaking season. To characterize the extreme weather
conditions of that year, summer temperature anomalies in daily maximum tempera-
tures across eastern China were calculated.

Figures 6 and 7 present the temporal variations and anomalies of the maximum,
minimum, and mean daily maximum temperatures over eastern China during June
to August in 2022. The maximum temperature exhibited a fluctuating upward trend
throughout the summer, rising from approximately 38°C in early June to peak
around 44 °C in mid-July, then remaining consistently above 40 °C in August despite
minor fluctuations. While the mean temperature persistently exceeded 30 °C, the min-
imum temperature also showed an overall increasing trend despite considerable vari-
ability. Anomaly analysis revealed that positive anomalies dominated all three
temperature metrics: both maximum and mean temperatures showed nearly exclu-
sively positive anomalies, while positive anomalies accounted for over 50% of days
for minimum temperatures. These patterns clearly demonstrate that summer 2022
temperatures were significantly higher than climatological norms. The particularly
pronounced positive anomalies in August maximum temperatures provide further
evidence of the exceptionally high temperatures observed that month.

The analysis of the spatial distribution of anomalies in minimum, mean, and max-
imum daily maximum temperatures across eastern China during summer 2022
(Figure 8) reveals several notable patterns. The mean and maximum temperatures
exhibited positive anomalies in over 95% of the study area, with particularly pro-
nounced anomalies observed for maximum temperatures. In contrast, minimum tem-
peratures displayed more frequent negative anomalies, consistent with previous
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Figure 6. Minimum, mean and maximum of daily maximum temperatures in summer 2022.

findings. Notably, the central region showed a higher concentration of positive
anomalies, indicating this area experienced more intense heat waves compared to cli-
matological norms. Both temporal and spatial analyses consistently demonstrate the
exceptional intensity and hazardous nature of the 2022 heat extremes.

3.2.2. Simulation assessment of S2S models

Frequent occurrences of extreme high temperature weather make it crucial for pre-
dicting timely and accurately. Sub-seasonal forecasts with effective prediction skills
can provide practical information for decision-making in government and commer-
cial sectors, as these decisions are often influenced by sub-seasonal climate variations
(Yang 2008; Hu et al. 2020). In the following this study evaluated the high-
temperature prediction capabilities of four operational forecasting models during
summer 2022 by analyzing biases and RMSE between modeled and observed max-
imum temperatures across different lead times. The analysis examined forecast lead
times of 1, 5, 10, 15, 20, 25, 30, 35, and 40days. While the 15-40day range falls
within the subseasonal-to-seasonal timescale, the shorter 1-10 day forecasts were also
included for comparative purposes.

Figures 9 and 10 provide a comprehensive overview of forecast biases in summer
2022 daily maximum temperature produced by four climate models—CMA, ECMWF,
UKMO, and NCEP—across lead times ranging from 1 to 40 days. The intensity of the
color reflects the magnitude of the bias. And RMSE values are also indicated for each
model, providing a quantitative measure of forecast accuracy.
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Figure 7. Anomalies in minimum, mean and maximum of daily maximum temperatures in summer
2022.
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Figure 8. Distributions of anomalies in minimum, mean and maximum of daily maximum tempera-
tures in summer 2022.

From 1 to 10-day lead times, all four models exhibit relatively low forecast errors,
suggesting high accuracy in short-term forecasts. As lead time increases to 15-40 days,
forecast errors gradually rise, with RMSE values increasing to around 5.5, reflecting
greater uncertainty in medium- to long-range forecasts. The performance of different
models varies. NCEP and CMA exhibit consistently higher RMSE values throughout
the entire forecast period, indicating relatively poor performance. In contrast,
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Figure 9. Biases of maximum temperature predicted by four models under the lead time of 1-day,
5-day and 10-day.

ECMWF and UKMO demonstrate lower RMSE values, with the latter excelling in
short-term forecasting and the former showing superior skill at the subseasonal-to-
seasonal scale. In terms of bias, distinct patterns are also observed. CMA and UKMO
tend to show warm biases across most lead times, while ECMWF and NCEP exhibit
more cold biases.

Overall, the results highlight the growing forecast uncertainty with increasing lead
time and underscore the importance of model selection. For short-term forecasts,
models such as UKMO and ECMWF demonstrate superior performance. For longer-
term forecasts, increased uncertainty across all models must be accounted for.

In addition to assessing the ability of four models to simulate the maximum tem-
peratures, this study also evaluated their performance in predicting heatwave events.
Based on the heatwave definition provided in the methodology section, the 90th per-
centile of daily maximum temperature during the summer of 2022 was used as the
threshold. Therefore two major heatwave events were identified in eastern China:
from August 5 to August 7 and from August 12 to August 15.And before formal
evaluation, the forecast frequency of ECMWF and CMA was converted to a daily
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Figure 11. Occurrences of heatwaves predicted by four models in summer 2022 (the dark grey
rectangle represents the observed heatwave event (August 5th to August 7th and August 12th to
August 15th); the colored horizontal lines represent the periods of heatwave occurrence predicted
by different models at various forecast lead times).

scale based on the data reconstruction method described earlier. Heatwave periods
were then calculated individually for each of the four models.

The predictions for the 2022 summer heatwave from four models are shown in
Figure 11. All four models predicted heatwaves mainly during mid-July to mid-
August, with CMA additionally forecasting an earlier event in June. UKMO and
NCEP predicted fewer heatwave occurrences. Notably, during the August 5-7 event,
UKMO failed to capture the heatwave under any lead time, although it did predict a
separate event under the 1-day and 5-day lead forecast, albeit with a one-day discrep-
ancy. NCEP managed to capture both events under the 5-day lead forecast, but the
predictions were incomplete. CMA and ECMWF detected a greater number of heat-
wave events across different lead times. Both models successfully forecasted the
August 12-15 heatwave under 5-day and 40-day lead times, and also captured it
under the 1-day lead, though the predicted duration was shorter by one day.
However, neither model was able to perfectly capture the August 5-7 event. For this
event, both models predicted a longer-than-observed duration, indicating a temporal
bias. Notably, ECMWF was able to detect this event under the longer lead times of
25 and 30 days, suggesting its potential skill in capturing heatwaves at extended fore-
cast ranges, albeit with timing inaccuracies.

The results reveal considerable differences in the models’ ability to predict the tim-
ing of heatwave occurrences. Each model exhibits unique strengths and limitations
depending on the forecast range. Selecting an appropriate model is therefore crucial
for improving the accuracy of heatwave prediction, especially in the context of early
warning and risk management.

Finally, the calculation of the relevant indicators for this evaluation are shown in
Figure 12, providing a more comprehensive understanding of the results. Regarding
spatial correlation (Figure 12a), UKMO demonstrates the highest spatial similarity in
simulated daily maximum temperature after a 20-day lead time, while ECMWF per-
forms best at shorter lead times. CMA, however, consistently shows lower spatial
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Figure 12. (a) PCC, (b) TCC, and (c) HSS of four models.

correlation throughout the forecast period. These results indicate that UKMO and
ECMWEF are better at capturing the spatial distribution characteristics of temperature
over the study region. Regarding the temporal correlation coefficient (Figure 12b),
ECMWEF achieves the highest similarity in the temporal evolution of daily maximum
temperatures during most of the study period, though this performance declines at
35-day and 40-day lead times. CMA reaches its peak temporal correlation at a 25-day
lead time, but the correlation turns negative at 30 days. These findings suggest that
the models differ in their ability to represent temporal evolution across various fore-
cast horizons, and that appropriate lead times should be chosen based on the specific
application. Finally, the Heidke Skill Score (HSS) for heatwave prediction shows that
all four models achieve relatively high HSS values at the 5-day lead time, indicating
good predictive skill for both heatwave events. CMA exhibits the highest precision
among the models in this timeframe. Overall, ECMWF and CMA consistently outper-
form the other two models, with ECMWF showing improved skill as the lead time
increases.

4, Conclusion and discussion

After conducting a temporal and spatial analysis of the maximum temperature in the
region east of 110°E in China (excluding Inner Mongolia and the Northeast) from
1961 to 2020, the typical extreme weather year of 2022 was selected as a case study to
explore the ability of high temperature and heatwave prediction of four S2S models.
The following conclusions are drawn:

From 1961 to 2020, daily maximum temperatures during summer months (June-
August) in China exhibited a clear warming trend across minimum, mean, and max-
imum values. The minimum temperature increased by more than 2 °C, with all three
metrics rising most notably during the 2011-2020 period. Spatially, high-temperature
zones expanded steadily, particularly in central and eastern regions, reflecting a
broader intensification and spatial extension of extreme heat, consistent with the
ongoing trend of regional climate warming.

The short-term forecasts (1-10 days) generally exhibit low bias and RMSE, while
forecast errors increase with longer lead times. ECMWF and UKMO showed superior
performance in terms of RMSE, with UKMO performing best at shorter lead times
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and ECMWF demonstrating better skill at the subseasonal-to-seasonal scale. CMA
and NCEP consistently showed higher RMSE and weaker spatial correlation.

For heatwave prediction, CMA and ECMWF successfully captured key events at
multiple lead times, particularly the August 12-15 event. However, neither model
fully captured the August 5-7 heatwave without temporal bias. UKMO and NCEP
predicted fewer events, with UKMO failing to detect the August 5-7 event at any
lead time. Skill score evaluation using HSS shows that all models performed well at a
5-day lead, with CMA achieving the highest precision.

This study provides a detailed examination of the temporal and spatial variations
in the minimum, average, and maximum temperatures over Eastern China from 1961
to 2020. Additionally, it offers a preliminary understanding of the predictive perform-
ance of four operational centers participating in the Sub-seasonal to Seasonal (S2S)
prediction project. However, the physical mechanisms underlying the formation of
high temperature weather are highly complex. Further investigation is needed to
understand the inherent connections among the three temperature variables, as well
as the causes of the deviations in model predictions and the key factors influencing
the accuracy of heatwave forecasts.
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