Atmospheric Research 330 (2026) 108602

Contents lists available at ScienceDirect

Atmospheric Research

journal homepage: www.elsevier.com/locate/atmosres

ELSEVIER

Check for

Sub-seasonal prediction of extreme high temperature over the Yangtze | e
River Basin based on deep learning

a,b a,b
3

, Yi Fan™", Tingting Han

a,b,c

Shifeng Pan*""", Zhicong Yin
Mingkeng Duan *", Huijun Wang

& State Key Laboratory of Climate System Prediction and Risk Management/Key Laboratory of Meteorological Disaster, Ministry of Education/Collaborative Innovation
Center on Forecast and Evaluation of Meteorological Disasters, Nanjing University of Information Science and Technology, Nanjing 210044, China

Y School of Atmospheric Sciences, Nanjing University of Information Science and Technology, Nanjing 210044, China

¢ Nansen-Zhu International Research Centre, Institute of Atmospheric Physics, Chinese Academy of Sciences, Beijing 100029, China

ARTICLE INFO ABSTRACT

Keywords: Extreme high temperatures frequently affect the densely populated Yangtze River Basin (YRB) in China,
Sub-seasonal impacting livelihoods and ecosystems. However, predicting such events on a sub-seasonal scale remains chal-
Res-UNet

lenging. This study develops an advanced deterministic and probabilistic forecasting framework based on the
residual U-Net (Res-UNet) architecture, trained and validated from 2003 to 2018 and tested over 2019-2022
over the YRB. In deterministic forecast, Res-UNet substantially improves temporal correlation coefficient by 14 %
compared to the European Center for Medium-range Weather Forecasts (EC) and empirical quantile mapping
(QM) at the 3-4 weeks lead time. Notably, it achieves a probability of detection (POD) of 0.3, maintaining
predictive skill where other models falter. For the probabilistic forecast, Res-UNet outperforms EC and QM at
longer lead times, providing Brier Skill Score (BSS) and Continuous Ranked Probability Skill Score (CRPSS), with
lower Brier Scores (BS), especially in Chongging and Sichuan. During the extreme events of 2022, Res-UNet
delivers high-confidence predictions of extreme high temperatures up to 3 weeks in advance. Furthermore,
outperforming other machine learning models highlights its potential in enhancing sub-seasonal extreme high-

Extreme high temperature
Deterministic forecast
Probabilistic forecast

temperature forecast.

1. Introduction

Extreme high temperatures have profound impacts on human life
(Zhu et al., 2021). During the summer of 2022, Europe and Asia faced
unprecedented heatwaves. In the United Kingdom, temperatures sur-
passed 40 °C for the first time ever, leading to at least 15,000 heat-
related fatalities in Europe (Yin et al., 2023). In Asia, China experi-
enced the most widespread and prolonged heatwave on record during
the summer of 2022 (from mid-June to late August), marked by
exceptionally intense summer heatwaves and drought in the Yangtze
River Basin (YRB) (Lu et al., 2023; Sun et al., 2023; Yin et al., 2024).
Specifically, in Beipei, Chongqing, temperature soared to 45 °C (Hua
et al., 2023). Moreover, industries such as public health and water
resource management require reliable and actionable predictions on
sub-seasonal scale (Vitart, 2017). This underscores the urgent need for
more reliable methods to predict extreme high temperatures in advance,
aiming to mitigate both economic and human losses.

* Corresponding author.
E-mail address: psf@nuist.edu.cn (S. Pan).

https://doi.org/10.1016/j.atmosres.2025.108602

Current weather forecast depends on numerical weather prediction
models (Lorenc, 1986). However, uncertainties in the initial conditions
of these models, along with the inherently chaotic nature of the atmo-
sphere, introduce biases into numerical forecast results (Edward, 1963),
which in turn limits the accuracy of deterministic forecasts. Based on
this, probabilistic forecast has emerged, shifting forecast results from a
single deterministic value to a probabilistic outcome. Probabilistic
forecast seeks to capture the uncertainty associated with a variable by
providing complete forecasting probability distributions instead of
merely a single value (Gneiting and Katzfuss, 2014). Therefore, proba-
bilistic forecast provides an effective way to quantify the uncertainty of
extreme predictions.

Numerous post-processing approaches have been developed to
enhance probabilistic forecast, complementing the progress of numeri-
cal weather prediction models. Since the 1990s, agencies in the US and
Japan have applied Model Output Statistics (MOS) for operational
forecast (Toth, 2001). In addition, Bayesian Model Averaging (BMA) has
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been widely adopted to extend probabilistic forecast from temperature
to variables like precipitation, improving accuracy (Raftery et al., 2005;
Sloughter et al., 2007; Ma et al., 2016). For example, Kolachian and
Saghafian (2019) showed BMA enhanced precipitation forecasts using
European Centre for Medium-Range Weather Forecasts (EC). However,
probabilistic forecast faces calibration issues, with forecast probabilities
often not matching observed frequencies—for example, events predicted
with an 80 % probability tend to occur less frequently than expected
(Hamill and Colucci, 1997; Wilks, 2013). Moreover, both over-
confidence and under-confidence are common, especially in forecasts
of extreme events, which reduces forecast reliability (Wilks, 2013).
Additionally, most studies focus on short to medium-term forecasts, with
relatively little attention given to probabilistic forecast at the sub-
seasonal timescale (Vigaud et al., 2018).

The timescale of sub-seasonal forecast, typically covering 10-30 days
(Sun et al., 2010), falls between weather and seasonal forecast. At this
timescale, atmospheric initial condition signals have largely dissipated
and external forcing signals have yet to fully emerge, often making it a
“predictability desert” due to its reliance on fluctuating climatic factors
(Vitart et al., 2017). Despite advances in sub-seasonal to seasonal (S2S)
modeling (Pegion et al., 2019), forecast skill tends to deteriorate with
longer lead times (Zhu et al., 2023). Previous studies have shown that
the forecast skill of S2S models for extreme high temperature over the
YRB in China declines significantly beyond a 2-week lead time (Xie
et al., 2020; Jin et al., 2022; Lei et al., 2022; Tang et al., 2023). Pyrina
and Domeisen (2023) demonstrated that EC predicted heatwave onset
and duration well at 1-week lead, but skill dropped at 2-3 weeks.
Notably, Lin et al. (2022) found that while most S2S models predicted
the 2021 western North America heatwave 2-3 weeks ahead, they
significantly underestimated its intensity (Vitart et al., 2025). Overall,
current S2S models still face challenges in the sub-seasonal prediction of
extreme high temperature.

Thus, to improve the accuracy of regional S2S forecasts, a variety of
traditional methods have been proposed and applied, including the
interannual increment approach (Fan et al., 2008), quantile mapping
(QM) (Tong et al., 2021), spatiotemporal projection models (Hsu et al.,
2020), dynamical forecasting methods (Guo et al., 2017), and hybrid
dynamical-statistical approaches (White et al., 2017). These methods
primarily aim to correct systematic biases in raw model outputs, thereby
improving forecast accuracy in climate prediction. For example, QM
typically achieves rapid bias correction by fitting the historical proba-
bility distribution, offering the advantage of quick adjustment. How-
ever, QM generally operates at individual grid points, lacking
consideration of spatial coherence and structural dependencies (Tong
et al., 2021). In contrast, dynamical-statistical models combine the
strengths of physical mechanisms and statistical methods, which im-
proves predictive skill to some extent (Hsu et al., 2020). However, these
models still struggle to capture nonlinear features.

With the advancement of machine learning, particularly deep
learning, significant progress has been made in the field of S2S predic-
tion, largely due to its effectiveness in capturing complex nonlinear re-
lationships in data (Rasp and Lerch, 2018; Ding et al., 2024). Zhang et al.
(2023) employed a random forest (RF) with multivariable post-
processing to enhance S2S prediction of extreme precipitation over the
continental United States. Similarly, Zhou and Liu (2025) utilized a
convolutional neural network (CNN) trained on reanalysis data to link
East Asian summer monsoon precipitation with circulation fields,
achieving improved correction at a 1-week lead time. Weyn et al. (2021)
developed a large-scale deep learning ensemble weather prediction
system capable of producing 4-6 weeks temperature forecast compa-
rable to the EC. Furthermore, Xie et al. (2024) combined CNN with
multiscale precursor signals to enhance surface air temperature over
China for lead times of 10-30 days. However, these machine learning
approaches struggle to capture the complex spatial structures, and their
skills typically declined sharply beyond a 2-week lead time, particularly
for extreme events (Jin et al., 2022; He et al., 2021). These limitations
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underscore the urgent need for model architectures that can effectively
capture multiscale spatial patterns and sustain strong accuracy at
extended lead times.

Among deep learning architectures, the U-Net model stands out for
its ability to capture multi-dimensional geographic features and reduce
errors, leading to significant improvements in sub-seasonal forecast
(Vitart et al., 2022; Zhu et al., 2022; Lyu et al., 2023). Specifically, a U-
Net based architecture integrating numerical model outputs with mul-
tiple atmospheric variables has markedly enhanced the prediction of
summer extreme precipitation in southern China (Lyu et al., 2023),
suggesting its strong potential for subseasonal applications. Hence, this
study introduces a U-Net architecture to enhance the prediction skill of
extreme high temperature at lead times of 3 and 4 weeks.

In this study, the YRB is a hotspot for extreme high-temperature
events, where frequent and intense heatwaves severely affect densely
populated and economically developed areas (Hsu et al., 2017). Given
that sub-seasonal forecast mainly targets prediction beyond two weeks,
this study specifically focuses on week 3 and 4 predictions. However, at
these timescales, deterministic forecast exhibits substantial errors (Tong
et al., 2021), and probabilistic forecast shows limited effectiveness for
extreme high temperature over the YRB (Wilks, 2013). Therefore, we
propose a dual deep learning model based on the U-Net architecture for
deterministic and probabilistic forecast, and evaluates its performance.

2. Data and methods
2.1. Data

The EC model through S2S Project version 2023 (Vitart et al., 2017)
is launched twice a week, featuring a horizontal resolution of 1° x 1°. EC
provides reforecast datasets for the maximum temperature (tasmax) at 2
m along with other factors such as geopotential height (Z), wind com-
ponents (U, V), vertical velocity (W), specific humidity (Q), and tem-
perature (T) at the 200, 500, and 850 hPa pressure levels (Table 1). The
selected atmospheric variables are linked to the generation of high
temperature, including geopotential height and winds that trigger
heatwaves through subsidence and adiabatic heating (Lu et al., 2023).
Additionally, specific humidity, which aligns with temperature trends,
plays a key role in capturing climate signals relevant to sub-seasonal
forecast (De Bruin et al., 1999). We employ reforecast datasets with
prediction lead times spanning 0 to 28 days for the months of June to
August from 2003 to 2022. And the other data consists of daily tasmax
provided by the Fifth Generation European Center for Medium-Range
Weather Forecasts Reanalysis Dataset (ERA5) (Hersbach et al., 2020).

The study period spans from June to August, covering the years 2003
to 2022. The data is categorized into three segments: a training set
(2003-2015), a validation set (2016-2018), and a testing set
(2019-2022). Our training area includes part of China with a spatial
range of 21°-36°N and 103°-122°E, mainly focusing on the Yangtze
River Basin (YRB; 25°N-34°N, 103°E-120°E). A daily maximum tem-
perature of 35 °C is widely recognized for its significant impacts on
health and ecosystems (Tan et al., 2007). Studies indicate that the 95th
percentile of summer maximum temperatures in the YRB falls between
34 and 36 °C (Li and Huang, 2011), supporting the use of 35 °C as a

Table 1
The input variables for the Res-UNet model.
Variable name Time Level
input maximum temperature 2m
geopotential height 200/500/850 hPa

Total: 2003-2022
Training: 2003-2015
Validation: 2016-2018

200/500/850 hPa
200/500/850 hPa
200/500/850 hPa

zonal wind
meridional wind
vertical velocity

temperature Testing: 2019-2022 200/500/850 hPa
specific humidity 200/500/850 hPa
label maximum temperature 2m
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representative threshold. This also aligns with the China Meteorological
Administration’s official high-temperature warning standard, defining
extreme heat as days exceeding 35 °C (Tan et al., 2007; Li and Sun,
2018). Therefore, this study adopts 35 °C as the threshold for identifying
extreme high temperature.

2.2. Res-UNet model

In this study, we utilize a U-Net framework with the flowchart shown
in Fig. 1. The model incorporates residual layers, downsampling layers,
deconvolution layers, and shortcut connections. Unlike the original U-
Net by Ronneberger et al. (2015), our model replaces standard con-
volutional blocks with residual blocks (Res-UNet) to reduce overfitting
and enhance learning capacity. Using this framework, we develop both
deterministic and probabilistic forecast model.

Specifically, the architecture of Res-UNet (Fig. 1) processes input
features with dimensions (16, 19, 20), representing the width and height
of the study area and the number of input channels (Fig. 1, blue
shading). These channels include normalized 2-m tasmax forecasts and
atmospheric variables from EC. Two residual blocks ensure consistent
input and output dimensions, followed by two max-pooling layers to
reduce spatial dimensions. Up-sampling layers restore the spatial reso-
lution, while skip connections preserve down-sampling information.
The final deterministic forecast matches the spatial dimensions of the
input temperature forecast (Pan et al., 2024).

Subsequently, the forecasts from individual EC ensemble members
are used as inputs to the probabilistic model, which estimates the
standard deviation (6) of the predictive distribution (Fig. 1, orange
shading). Following previous studies (Gneiting et al., 2005; Pan et al.,
2022), high temperatures are assumed to approximately follow a

(a) Deterministic forecast

Input 19

* maximum temperature
« geopotential height
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Gaussian distribution, with the deterministic forecast serving as the
expected value (p) of the distribution. The probabilistic forecast is then
generated using both the expected value and standard deviation. Finally,
the probability of exceeding a predefined extreme threshold (35 °C) is
calculated by integrating the Gaussian probability density function
beyond that threshold. The same network architecture is used for both
deterministic and probabilistic forecast.

To enhance the performance of deep learning models in forecasting
extreme events, incorporating a weighted loss function has proven to be
a critical strategy (Hu et al., 2021). Given our attention to extreme high-
temperature events, we design the loss function based on the extreme
threshold of 35 °C. Consequently, we construct a weighted function that
incorporates the extreme threshold, mean square error, threat score for
effectively capturing deterministic forecast (Text S1; Pan et al., 2024).
For probabilistic forecast, Continuous Ranked Probability Score (CRPS)
is selected as the loss function to measure the disparity between pre-
dicted and observed distributions. The CRPS is defined as follows:
CRPS(P.F) = [ (R ~ 1y < x))"dx )

Here, P refers to cumulative distribution function (CDF) of obser-
vation, F denotes predicted CDF in model, and 1{y < x} serves as an
indicator function (equivalent to the CDF of a deterministic value) that
equals 1 when {y < x} and 0 otherwise.

Based on the Res-UNet model described above, the output of the Res-
UNet is the daily high temperature within a timeframe of 1 to 4 weeks,
using June 1 as the target date (Fig. S1). The forecasts are initialized on
May 25, May 18, May 11, and May 4, which correspond to lead times of
1-4 weeks, respectively. Each initial date forecasts data for the next 46
days, focusing on summer outputs for evaluation. As forecast lead times

Predict

1 |
1 1
| 1
1 |
1 |
| 1
v [convas ][ covint |
1 1
1 1
| 1
| 1

'

»zonal wind
»meridional wind
evertical velocity LM A M)
* temperature
« specific humidity =
Weighted Loss

EC(Traming and Validation 2003 ~2018; ’\/Q
Testing 2019 ~ 2022; 1°/daily)
(b) Probabilistic forecast expected value (u)

_ standard :

O— deviation (o) UNet
- CRPS Loss
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F(35) = P(=35) = e 202
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Fig. 1. Architecture of a novel hybrid forecasting approach integrates deterministic and probabilistic predictions using the residual U-Net (Res-UNet). (a) Flowchart
of deterministic forecast (blue shading), including input variables and other information. (b) Flowchart of the probabilistic forecast (orange shading), where F and P
denote the predicted cumulative distribution function (CDF) and probability density function (PDF), respectively. Extreme high temperatures are defined using a
threshold of 35 °C, and the expected value (i) and standard deviation (o) are also illustrated. (For interpretation of the references to colour in this figure legend, the

reader is referred to the web version of this article.)
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increase, the forecast error tends to grow (Liang and Lin, 2018). More-
over, sub-seasonal forecast primarily targets prediction skills for periods
longer than 2 weeks. Therefore, we only train separate Res-UNet models
for fixed lead times of 3 weeks and 4 weeks for predictions. The model’s
performance is particularly assessed for predicting extreme high tem-
peratures within 3-4 weeks lead times. Hyperparameters of Res-UNet
are selected based on validation performance, aiming to balance over-
all and extreme prediction. Training employs the Adam optimizer with a
dynamic learning rate schedule. Key parameters, including learning rate
(10~*, batch size (8), and 100 epochs, are tuned to optimize perfor-
mance at a fixed lead time during training.

2.3. Metrics

For deterministic forecast, performance is assessed using temporal
correlation coefficient (TCC) and root mean square error (RMSE) (Text
S2). To evaluate the deterministic forecast on extremes, the categorical
verification scores are calculated (Table S1), such as the probability of
detection (POD), equitable threat score (ETS), heidke skill score (HSS),
and false alarm ratio (FAR), as follows:

(a _ (a+b)(a+c))
a+b+c+d
ETS = )
(a+bre—tpiez)
a
POD = P 3
2(a*d — b*c)
HSS = 4
(@a+c)(c+d)+ (a+b)(b+d) “)
b
FAR = P 5)

in which a, b, ¢ and d indicate the samples of hit, false alarm, miss and
correct rejection, respectively. The range of ETS is from —1 to 1, and POD
is 0 to 1, while the HSS score ranges from — oo to 1. Lower FAR values
indicate higher forecasting skills.

For the evaluation of probabilistic prediction, we utilize the area
under the curve (AUC) of receiver operating characteristics (ROC) to
assess the capability for identifying extreme and non-extreme events.
This curve plots the hit rate against the false alarm ratio for predictions.
Additionally, we utilize Brier Score (BS) and Brier Skill Score (BSS) to
evaluate the probabilistic forecast performance of the model. The BS
quantifies the forecast error, The BS is calculated as follows:

N
_1 2
BS= / (fa — On) ®)
=1

n

Here, N represents the number of forecast events, O, indicates that
the extreme high-temperature event occurs at time n, equaling 1;
otherwise, it equals 0. f, represents the forecast probability of the event.
The BS is a negative-oriented metric, ranging from 0 to 1.

The BSS measures the improvement of the forecast compared to a
baseline climatological forecast. The BSS is:

BS;

BSS=1-
Sref

(7)

Where BS, refers to the climatological probabilistic forecast, while
BS; represents predictive probability. If the BSS is 0, it means that the
score is equivalent to the climate forecast; if the BSS is greater than 0, it
indicates that the forecast has some predictive value; conversely, if the
BSS is less than 0, it means the forecast is less meaningful than the
climate probability and has no predictive value.

The Area Under the Curve (AUC) refers to the area under the ROC
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curve and is used to evaluate the performance of a classification model.
The AUC value ranges from 0.5 to 1, with higher values indicating better
model performance. The AUC can be computed through the integral of
False Positive Rate (TPR) over False Positive Rate (FPR) on the ROC
curve (Text S2).

1
AUC = / TPR d(FPR) ®
0

Continuous Ranked Probability Skill Score (CRPSS)

CRPS;

=1-
CRPSS P

€©)

Where CRPS,,s denotes the climatological probabilistic forecast, and
CRPS; represents the forecasted probability distribution. A CRPSS =1
indicates a perfectly accurate probabilistic forecast; CRPSS = 0 means
the forecast performs equivalently to the reference forecast; and CRPSS
< 0 implies that the forecast performs worse than the reference forecast.
Detailed information on evaluation metrics can be found in Table 2 and
Text S2.

2.4. Shapley additive explanations

Shapley Additive Explanations (SHAP), introduced by Lundberg and
Lee (2017), is a method designed to interpret the outputs of machine
learning models, providing a more reliable way to explain black-box
models. The SHAP method leverages the classic Shapley value from
game theory to connect optimal credit allocation with local explana-
tions. By decomposing a model’s output into the sum of individual
feature impacts, SHAP enables a better understanding of the importance
of each feature, ultimately supporting more informed decision-making.

2.5. Evaluation strategy for sub-seasonal extreme high temperature
In this study, we first evaluate the deterministic forecasting

Table 2
Deterministic and probabilistic forecasting skill scores.

Category Evaluation metrics Calculation Skillful Range
RMSE (Root Mean Square Eq. (4) in Text [0, +c0), the
smaller the
Error) S2
better
TCC (Temporal Correlation Eq. (5) in Text (0,1), the larger
Coefficient) S2 the better
ETS (Equitable Threat (-1/3,1), the
Eq. (2) larger the
Score)
better
Deterministic POD (Probability of (0, 1), the
R Eq. (3) larger the
Detection)
better
(=00, 1), the
HSS (Heidke Skill Score) Eq. (4) larger the
better
[0, +0), the
FAR (False Alarm Ratio) Eq. (5) smaller the
better
[0, +0), the
BS (Brier Score) Eq. (6) smaller the
better
(0, 1), the
BSS (Brier Skill Score) Eq. (7) larger the
better
Probabilistic ROC (Recelver‘ OPeratmg qus. (6) and (7) _
Characteristics) in Text S2
AUC (Area under the ROC (0.5, 1), the
Eq. (8) larger the
curve)
better
CRPSS (Continuous Ranked Eq. (9) (I::’elr);ht:e
Probability Skill Score) 4 &
better
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performance of Res-UNet model for summer extreme high temperatures
during 2019-2022, in comparison with EC and QM at 3-4 weeks lead
times. Deterministic forecast metrics—RMSE, TCC, ETS, POD, HSS, and
FAR (introduced in Section 2.3)—are used to quantitatively assess the
accuracy and skill. In addition, the QM method is used for comparison
with Res-UNet. During training, CDFs of observed and predicted high
temperatures are matched, and this mapping is applied to the testing set
(2019-2022).

At the sub-seasonal timescale, deterministic forecast offers limited
reference value, particularly for extreme events. Probabilistic forecast
can quantify uncertainty and provide more reliable information to
support risk assessment and decision-making. In this study, we evaluate
the probabilistic forecasts from Res-UNet, compared to EC and QM using
the 2019-2022 testing set. In particular, the extreme high-temperature
events in 2022 over the YRB, which greatly affect people’s lives (Lu
et al., 2023), are too severe to be accurately predicted, leading to sub-
stantial deterministic errors of that year. Accordingly, we pay particular
attention to analyzing the probabilistic forecast in 2022, presenting the
spatial distribution of skill scores from EC, QM, and Res-UNet. Several
probabilistic metrics are introduced, including BSS, CRPSS, ROC, AUC,
BS, and reliability analysis, providing a thorough assessment of the Res-
UNet’s probabilistic forecasting performance.

For additional context, Res-UNet is also compared with several other
machine learning methods in Discussion, including artificial neural
network (ANN), convolutional long-short term memory (ConvLSTM),
CNN, and RF. These models are chosen to represent different modeling
strategies. Specifically, ANN captures nonlinear relationships without
spatial features, CNN extracts spatial patterns for comparison with the
residual U-Net, ConvLSTM captures spatiotemporal dependencies, and
RF serves as a traditional ensemble method. All models are trained using
optimized algorithms and hyperparameters (see Table S2).
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3. Results
3.1. Deterministic forecast

Deterministic forecast aims to predict specific high temperature
values, characterized by their uniqueness and absolute nature. In this
study, the variable data (Table 1) from 2003 to 2015 is input into the
Res-UNet framework for training, followed by validation using data
from 2016 to 2018. And finally, the deterministic forecast results for
high temperatures are evaluated on the testing set from 2019 to 2022.
Therefore, we evaluate the summer high temperature output from EC,
QM, and Res-UNet for 3-4 weeks lead times in 2019-2022 averaged
over the YRB (Fig. 2). Within this period, Res-UNet’s skill surpasses that
of EC and QM, with improvements in both TCC and reductions in RMSE
(Fig. 2a, b). This indicates that Res-UNet has higher predictive accuracy
and trend-capturing ability over longer forecast periods (Fig. 2a, b, S2).
However, the performance of EC and QM in terms of TCC is essentially
the same, indicating that QM has limited calibration capabilities in this
regard, which aligns with findings from previous studies (Li et al., 2022).
Remarkably, at lead time of 3-4 weeks, TCC increases by approximately
14 % while RMSE decreases by 2 % in Res-UNet.

For the deterministic forecast of the summer of 2022, the results
demonstrate that Res-UNet better captures the spatial distribution of
observations (Fig. S2, S3). At the 3-4 weeks lead times, Res-UNet out-
performs EC and QM in capturing nonlinear processes. Res-UNet can
accurately predict the high-temperature areas in observation, with
slightly higher intensity. Compared to EC and QM, the Res-UNet shows
higher spatial correlation with the actual observation (Fig. S3). More-
over, extreme high temperatures in the Chongqing and Sichuan regions
are predicted, whereas EC and QM fail to predict these. Additionally,
Res-UNet exhibits higher TCC and lower errors relative to the QM and
EC, suggesting a significant improvement over the Lower Yangtze River
(Fig. S4, S5). These results preliminarily highlight the superiority of the
Res-UNet to EC and QM in deterministic forecast.

Furthermore, to assess EC, QM, and Res-UNet in predicting extreme

RMSE TCC =
(a) 1.90 (b) i 0.61
Week 31 1.69 1.70 r1.84 0.57 0.57 r0.58
General Events [l [0
Weel(4‘ 1.81 1.85 1.77 L 17] 0.56 _051
EC QM Res-UNet 165 EC QM Res-UNet Woas
ETS POD
(c) ﬂ 0.05 (d) m 0.30
Week 31 0.00 0.03 r0.04 0.05 r0.22
F0.03 0.15
Week 4 0.00 0.04 L0.01 0.02 026 L0.07
EC QM Res-UNet — 0.00 EC QM Res-UNet oo
Extreme Events
© HSS 0.09 ) FAR 1.00
Week 31 0.01 0.05 0.07 0.62 0.55 0.85
0.04 0.70
Week 4 0.01 0.07 0.02 0.81 0.72 0.55
EC QM Res-iJNet 0.00 EC QM Res-iJNet 040

Fig. 2. Evaluation metrics for general statistical events and extreme events from EC, QM and Res-UNet, averaged over the YRB in the testing set (2019-2022) for the
3-4 weeks forecast period. (a-f) represent the RMSE, TCC, ETS, POD, HSS, and FAR, respectively. All metrics are evaluated based on 95 % confidence intervals

estimated by bootstrapping with 1000 resamples.
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high temperatures over the YRB at 3-4 weeks lead times, we use ETS,
POD, HSS, and FAR. Higher ETS, POD, and HSS indicate better perfor-
mance, while lower FAR reflects improved accuracy. As shown in Fig. 2
(c-f), EC shows lower values for the first three metrics and higher FAR,
while QM improves these metrics. However, Res-UNet outperforms
both, with the highest ETS, POD, HSS, and lowest FAR. Res-UNet ach-
ieves a POD of around 0.3 and reduces FAR by 28 %, demonstrating its
superior forecasting capability.

Besides, an exploration of the spatial features of extreme high-
temperature forecasting performances for EC, QM, and Res-UNet
models is presented, as shown in the POD distributions in Fig. 3. Dur-
ing the 3-4 weeks forecast period, the POD distribution for QM is
comparable to that of EC, but it shows slightly better performance. This
indicates that traditional QM method has a certain predictive capability
for long-term forecasts. Additionally, Res-UNet demonstrates strong
forecasting skills, particularly in high-incidence areas of extreme high
temperatures, such as Chongqing and Sichuan. Moreover, it outperforms
EC and QM in other regions, with its POD values exceeding theirs,
extending up to a 4-week lead time. In summary, Res-UNet enhances
forecast skills for extreme high temperatures compared to EC and QM for
all lead times. Notably, improvements are particularly evident in
Chongqing and Sichuan during the 4 weeks lead time, reaching a POD
exceeding 0.6.

3.2. Probabilistic forecast

In this study, the output of the Res-UNet is the daily probability from
summer sub-seasonal probabilistic prediction. The probabilistic pre-
diction estimates the likelihood of exceeding the high-temperature
threshold of 35 °C based on the deterministic forecast. Specifically,
the training and testing sets derived from deterministic forecast results
are utilized for probabilistic forecast. Fig. S6 presents the spatial dis-
tribution of the BSS for probabilistic forecast of extreme high-
temperature events for all testing sets from 2019 to 2022 at 3-4 weeks
lead times from the EC, QM, and Res-UNet. Compared with EC and QM,
the Res-UNet exhibits significantly higher BSS values, indicating supe-
rior probabilistic forecast performance at 3—4 weeks lead times (Fig. 4).
In addition, the Res-UNet effectively reduces forecast errors, exhibiting
lower BS values (Fig. S7). Given the large deterministic forecast errors in
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2022 (Fig. S2), the following sections will focus on analyzing the
probabilistic performance of the Res-UNet for extreme high tempera-
ture, compared to EC and QM during the summer of 2022. The BSS,
CRPSS, BS, ROC curve, AUC, and reliability diagram are employed to
evaluate the performance of probabilistic forecast.

The CRPSS quantifies the improvement of a probabilistic forecast
relative to a reference forecast, with higher values indicating better
predictive skill. Fig. S8 further illustrates the spatial distribution of the
CRPSS for extreme high temperature over the YRB during 2019-2022,
comparing to EC, QM, and the Res-UNet model at 3-4 weeks lead times.
Overall, the regional mean CRPSS of Res-UNet is substantially higher
than that of EC and QM at both lead times, suggesting that its predicted
probability distributions are closer to observations and more accurately
capture the occurrence probability of extreme heat events (Fig. 4). By
contrast, EC and QM exhibit generally low CRPSS values, with skill
concentrated in low-value regions. In particular, QM shows lower skill
than EC in some areas at the 4-week lead, indicating limited stability at
longer lead times. In contrast, Res-UNet achieves much higher skill over
most regions, with CRPSS values exceeding 0.8 in some areas. Overall,
Res-UNet significantly outperforms both EC and QM, confirming the
superior performance of deep learning methods in subseasonal proba-
bilistic forecasting of extreme high-temperature events.

Figure 5 indicates that the outcomes of the Res-UNet, QM, and EC are
the probability of extreme high temperature in the sub-seasonal forecast
within the 3-4 weeks forecast period in 2022 over YRB. We observe a
significant heatwave occurring from August 3 to August 24, 2022, as
illustrated in the upper part of Fig. 5. The heatwave forecasting period
includes days with a probability exceeding 50 %, while the overall
forecasting probability is the average for this duration (Zhang et al.,
2022). Nllustrating with a lead time of 3 weeks, the forecast of Res-UNet
indicates a 65 % probability of a heatwave occurring between August 3
and August 24, 2022. This suggests a significant chance of extreme
temperatures during that period.

In comparison, the probabilities provided by the EC and QM are 45 %
and 48 %, respectively. We note that the predicted heatwave period
spans from August 14 to August 21 at lead time of 4 weeks. The prob-
abilities for predicting this heatwave are 56 %, 38 %, and 34 % for Res-
UNet, QM, and EC, respectively. This indicates that Res-UNet still has an
advantage over EC and QM in predicting heatwave occurrences 4 weeks
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Fig. 3. Spatial distribution of POD for extreme high temperature forecasts for the 3-4 weeks forecast period during 2019-2022. Figures (al-a2, b1-b2, and c1-c2)
indicate EC, QM and Res-UNet, respectively, with the first to second rows corresponding to lead times of 3, 4 weeks. The outlined box represents the study region
(YRB: 25°N-34°N, 103°E-120°E). The values in the upper right corner represent the area-mean POD of the black box.
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ahead of time. In conclusion, the Res-UNet model effectively predicts the
heatwave 3 weeks in advance, exhibiting significantly higher confi-
dence. This achievement highlights the model’s capability in forecasting
extreme climate events. It is noteworthy that due to the bi-weekly nature
of forecast days, whether it is for forecasting or observation, the actual
start and end dates of heatwaves may vary slightly.

To assess the performance of models on binary classification events
(extreme or non-extreme), the ROC curve and AUC are utilized. AUC
values closer to 1 indicate better accuracy in distinguishing extremes
and non-extreme events. Fig. 6 shows that Res-UNet consistently out-
performs EC and QM in predicting extreme high temperatures at 3-4
weeks lead times, with higher AUC values. QM shows slight improve-
ments over EC, but both models exhibit limited predictive strength. To
further evaluate the calibration of the probabilistic forecast, reliability
diagrams are analyzed. Fig. 7 shows the reliability of probabilistic
forecast for Res-UNet, QM, and EC at 3-4 weeks lead times. Res-UNet’s
reliability curve is closest to the ideal line (gray dashed), demonstrating
the best performance and significantly outperforming QM and EC at a 3-
week lead time. At the 4-week lead time, all models’ performances
decline with reliability curves deviating from the ideal line. QM’s curve
consistently lies above the ideal, indicating conservative forecasts, while

EC’s curve fluctuates notably with poorer calibration. Although Res-
UNet shows slight deviations in the mid-probability range, its curve
remains smooth and closer to the ideal line, with the lowest BS, indi-
cating greater robustness in long lead probabilistic forecast. Overall,
Res-UNet demonstrates superior probabilistic forecasting ability and
skill at 3-4 weeks lead times.

Further analysis of the extreme high-temperature event on August
14, 2022 (Fig. 8) reveals that as lead time increases, all models perform
worse. EC fails to capture extreme high temperatures, and QM shows
minimal improvement, especially in regions like Chongging and
Sichuan. In contrast, Res-UNet provides more accurate with higher
probabilities for these regions, even at a 4-week lead time. Brier Score
(BS) analysis confirms Res-UNet’s superior performance, with consis-
tently lower BS values, particularly in Chongqing, indicating better ac-
curacy and reliability in forecasting extreme temperatures at sub-
seasonal scale (Fig. 8). In a world, Res-UNet reduces deterministic
forecast errors, offering robust probabilistic predictions for longer lead
times.

The SHAP method is used to enhance the interpretability of machine
learning models and analyze the impact of input features on the output
of the Res-UNet model. In the decision plot, the gray vertical line in the
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center marks the model’s baseline value, while the colored lines repre-
sent the predictions, showing how each feature moves the output value
above or below the average predicted value. Feature values are dis-
played next to the prediction lines for reference. Starting from the bot-
tom of the plot, the prediction lines show how the SHAP values
accumulate from the baseline to the model’s final score at the top of the
plot. Fig. S9 summarizes the SHAP values of feature values and their
relationship with changes in the model output for lead times of 3-4
weeks. Results show that tasmax forecast of EC model is the most
important factor in the Res-UNet. For a 3-week lead time forecast, the
feature values of T500 and Z850 are significant. However, at a 4-week
lead time, U200 and Q850 play a crucial role in the Res-UNet. This

suggests that incorporating these key factors into the Res-UNet model
can enhance its sub-seasonal forecasting capability for extreme high
temperatures.

4. Discussions

Based on the results presented in Section 3, we further discuss the
strengths, limitations, and potential improvements of the Res-UNet
model for sub-seasonal high-temperature forecast. As shown in
Fig. S10, the probabilistic forecast indicates that EC and QM generally
fail to exceed 50 % probability during the 3—4 weeks forecasting period
and are unable to predict more high-temperature areas with higher
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probabilities, highlighting their limited long-term forecasting capa-
bility. As lead time increases, their forecasting skill deteriorates. In
contrast, Res-UNet aligns well with observed extreme high tempera-
tures: probability values rise when high temperatures occur. It effec-
tively predicts areas experiencing extreme temperatures with higher
probability values over the 4-week period, demonstrating its potential
for long-range prediction.

In addition, we evaluate the performance of Res-UNet during non-
extreme years (2019-2021) and further analyze whether the model
exhibits bias toward extreme years in 2022. Specifically, to assess the
model’s generalization ability under non-extreme conditions, we
investigate the TCC of prediction for the 2019-2021 period (Fig is not

shown). The result indicates that Res-UNet maintains good predictive
performance across most regions, suggesting that it performs well not
only during the extreme year of 2022 but also demonstrates strong
robustness in non-extreme years, without overfitting to extreme events.
Therefore, our model exhibits good stability.

In this study, other machine learning, such as ANN, ConvLSTM, CNN,
and RF are used to compare with Res-UNet. From Fig. 9, it is observed
that the Res-UNet model performs better than or equal to other models
within the 3-4 weeks forecast period. The TCC and RMSE indicate that
the Res-UNet exhibits higher skill. In terms of probabilistic forecast, the
Res-UNet also has shown better skill, as indicated by its performance
metrics. Generally, compared to other models, the Res-UNet shows
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improvements in predicting extreme high temperatures.

However, the model still exhibits prediction errors in certain mar-
ginal regions, particularly on the right side (Fig. S10) during the 3-4
weeks forecast period. This may be attributed to the complexity of
climate systems in boundary areas, sparse observational data, and the
model’s limited ability to handle edge conditions. Future work could
improve forecasting performance in these regions by incorporating
additional external predictors (such as sea surface temperature and soil
moisture) and optimizing the model architecture (e.g., through regional
weighting mechanisms or multi-modal inputs).

Notably, this study develops a deep learning model based on Res-
UNet, significantly improving extreme high-temperature prediction
through a weighted loss function. The model offers strong physical
interpretability and robust transferability, allowing it to be adapted via
fine-tuning for forecasting various extreme climate events across
different regions, demonstrating broad prospects. Additionally,
although Res-UNet demonstrates strong capability in identifying high-
temperature events in probabilistic forecast, it still struggles to accu-
rately capture the onset and end dates of heatwaves at lead times of 4
weeks or more (Fig. 5). Future research will focus on enhancing the
model’s temporal sequence modeling capabilities and deepening the
analysis of relevant physical processes to improve both forecasting ac-
curacy and interpretability.

5. Conclusions

In this study, we utilize the U-Net framework to establish both
deterministic and probabilistic models for sub-seasonal high tempera-
tures over the YRB within the 3-4 weeks lead times. The output derived
2003-2018 is used for training, while the years 2019 to 2022 serve as
the testing period to evaluate prediction skills. We compare the per-
formance of Res-UNet with those of EC, QM. The results are as follows:

(1) In deterministic forecast, compared to EC and QM, Res-UNet
demonstrates overall advancements and higher improvement,
primarily observed in Chongqing and Sichuan, with POD
exceeding 0.6 even at a 3-4 weeks lead time.

(2) In terms of probabilistic forecast, Res-UNet outperforms EC and
QM at longer lead times, achieving lower BS, higher AUC values,
and better calibration and reliability. It also shows improved BSS
and CRPSS, indicating more accurate representation of predictive

10

probability distributions and superior ability to capture extreme
events. Notably, it shows enhanced skill in probabilistic forecast,
especially in Chongqing and Sichuan.

Additionally, Res-UNet provides high-confidence predictions for
extreme high temperatures in 2022, accurately forecasting
heatwave start and end days up to 3 weeks in advance. Further
SHAP analysis reveals that tasmax itself is the most important
factor, with T500 and Z850 being significant for a 3-week lead
time, while U200 and Q850 become crucial at a 4-week lead time
in Res-UNet.

3

—

Overall, the Res-UNet exhibits superior skill in both deterministic
and probabilistic sub-seasonal forecasts of extreme high temperatures. It
effectively reduces forecast errors and provides better reliability of
extreme heat events. These results highlight the potential of deep
learning methods to advance deterministic and probabilistic forecasts
of extreme climate events at the sub-seasonal scale.
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