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Abstract
Subseasonal (2–6-week) temperature prediction is important for climate-risk 
management, energy dispatch, and early warning of high-impact weather over East 
Asia. However, operational dynamical forecast systems often exhibit substantial 
lead-dependent biases in this region. In this study, we evaluate an adaptive bias 
correction (ABC) framework for East Asian subseasonal 2-m temperature forecasts 
based on Climate Forecast System Version 2 and European Centre for Medium-
Range Weather Forecasts data, and compare its performance with raw forecasts and 
conventional debiasing. Results show that ABC consistently reduced forecast errors 
and improved spatial consistency across lead times, with particularly clear benefits 
during winter cold-surge conditions and summer high-temperature periods. 
The improvements arise from the complementary integration of climatological, 
dynamical, and persistence-based information, which helps address the 
spatiotemporal heterogeneity of forecast errors. These results suggest that adaptive 
post-processing offers a practical approach to improving operational subseasonal 
temperature prediction over East Asia.
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1. Introduction
Subseasonal-to-seasonal (S2S; 2–6-week) temperature prediction bridges the gap 
between medium-range weather forecasting and seasonal climate outlooks and is 
important for climate-risk management in agriculture, energy dispatch, and heat–cold 
hazard preparedness. The development of coordinated international efforts, particularly 
the S2S Prediction Project, has enabled systematic intercomparison of forecast systems 
and accelerated methodological advances through standardized datasets and near-real-
time products.1,2 Recent assessments further summarize the operational achievements 
of the S2S project and demonstrate that artificial intelligence-based postprocessing can 
systematically enhance extended-range skill in community challenges.3,4 Despite these 
advances, actionable temperature prediction at 3–6-week leads remains challenging 
because forecast information gradually shifts from strong initial-condition control 
toward weaker boundary forcing, and predictability at this range is often flow-dependent 
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and intermittent.5,6

At subseasonal leads, forecast skill is strongly 
modulated by slowly varying large-scale modes and 
their teleconnections, among which the Madden–Julian 
Oscillation (MJO) is particularly important.7–9 The 
MJO can influence extratropical circulation weeks in 
advance, thereby providing a pathway for extended-range 
temperature predictability. However, this predictability 
is often conditional: skill is enhanced when tropical–
extratropical coupling is well represented, but can decline 
rapidly when internal variability dominates or when 
model biases distort teleconnection pathways.10,11 These 
characteristics make the extraction and calibration of 
low-frequency predictive signals especially important 
for operational temperature forecasting. Recent studies 
further show that preceding MJO conditions can enhance 
the subseasonal predictability of East Asian cold events 
through distinct dynamical pathways, while MJO 
prediction skill itself varies substantially across events 
depending on the large-scale background state, reinforcing 
the flow-dependent nature of subseasonal predictability.12,13

East Asia is a particularly challenging region for S2S 
temperature forecasting because strong land–sea thermal 
contrasts, complex topography, and monsoon-related 
intraseasonal variability amplify the spatiotemporal 
heterogeneity of forecast errors. In addition, high-impact 
events such as winter cold surges and summer heat episodes 
place further demands on forecast reliability.14 Operational 
coupled models, such as the Climate Forecast System 
Version 2 (CFSv2), provide valuable ensemble forecasts 
at S2S leads15,16, but systematic errors in circulation, land–
atmosphere coupling, and parameterized physics can lead 
to pronounced regional and lead-dependent temperature 
biases over East Asia.17 These challenges motivate a shift 
from purely “raw-model” interpretation toward systematic 
postprocessing designed to reduce error growth and 
improve anomaly-level consistency.18 Postprocessing has 
therefore become an important means of improving forecast 
usability. Traditional approaches, including climatology-
based debiasing, model output statistics, and distribution-
mapping methods, can reduce part of the mean bias.19,20 For 
East Asia, methods that incorporate regional circulation-
dependent error structures have shown additional value 
beyond simple mean-bias correction.21,22 Nevertheless, 
numerous conventional statistical methods rely on quasi-
stationary forecast–observation relationships and fixed 
functional forms, which may limit their effectiveness when 
forecast errors vary strongly across seasons and circulation 
regimes.23 

Recent advances in machine learning (ML) have 
provided new opportunities for subseasonal postprocessing 

by enabling nonlinear error representation and flexible 
calibration.24 ML methods have been successfully applied 
to ensemble forecast postprocessing and model-error 
correction, and have also shown promise in improving 
key subseasonal predictability carriers such as MJO 
evolution.25–28 More broadly, recent studies suggest that 
data-driven methods can learn flow-dependent forecast 
errors and enhance extended-range prediction skill in 
selected applications.29–31 At the same time, purely data-
driven prediction does not consistently outperform 
state-of-the-art numerical weather prediction across all 
regimes, highlighting the value of hybrid approaches that 
retain dynamical forecast information while adaptively 
correcting systematic errors.32–34

Within this hybrid framework, adaptive bias correction 
(ABC) is a promising postprocessing approach because 
it integrates climatological, dynamical, and persistence-
based information in a unified and interpretable manner.35 
Rather than generating new predictability, ABC is designed 
to better exploit existing low-frequency forecast signals by 
reducing systematic bias and sampling noise. This makes 
it particularly relevant for subseasonal forecasting, where 
forecast errors are often nonstationary, flow-dependent, 
and regionally heterogeneous.36

In this study, we evaluate the performance of ABC 
for subseasonal (2–6-week) 2-m temperature prediction 
over East Asia using ensemble forecasts from CFSv2 and 
European Centre for Medium-Range Weather Forecasts 
(ECMWF)-based systems. We compare raw forecasts, 
conventional debiasing, and ABC-corrected forecasts in 
terms of root mean square error (RMSE) and anomaly 
correlation coefficient (ACC), and further assess their 
behavior in representative cold-surge and heat-event 
cases. By focusing on strict train–test separation and 
observability-consistent validation, we aim to clarify 
the practical value of ABC for operational subseasonal 
temperature forecasting over East Asia.

2. Data and methods
2.1. Data and experimental design

Historical temperature observations were obtained from 
the National Oceanic and Atmospheric Administration–
Climate Prediction Center (CPC) global temperature 
dataset.37 As surface-based truth, we use daily gridded 
2-m air temperature (°C) at 1.5° × 1.5° resolution. A 
14-day moving average was applied to both observations 
and forecasts to match the subseasonal prediction targets 
considered in this study. This processing suppressed 
day-to-day synoptic variability and emphasized lower-
frequency temperature anomalies, which were more 
relevant to the weeks 1–2, 3–4, and 5–6 forecast evaluation. 
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In this study, the subseasonal targets for weeks 1–2, 
3–4, and 5–6 were defined as three consecutive, non-
overlapping 14-day windows following each forecast 
initialization, corresponding to days 1–14, 15–28, and 
29–42, respectively. For each initialization, both forecast 
and observed temperatures were averaged over the same 
14-day target window for verification. Although adjacent 
windows may overlap in an intermediate daily running-
mean time series, the three lead windows used for 
evaluation in this study were non-overlapping. The study 
domain was East Asia (0–60° N, 70–140° E) (Figure 1).

Figure 1. Study domain in East Asia (0–60° N, 70–140° E)

We analyzed ensemble forecasts from CFSv2 and 
ECMWF. CFSv2 forecasts were obtained from the SubX 
project.38 CFSv2 is a coupled dynamical model developed 
by the United States National Centers for Environmental 
Prediction and provides 2-m temperature forecasts with 
a 6-hour temporal resolution and 32 ensemble members. 
In this study, the available real-time CFSv2 forecasts 
covered 2017–2021, and the corresponding hindcast 
archive used for bias correction covered 1999–2017. For 
each grid point and valid date, the four 6-hourly forecasts 
were first averaged to obtain daily values, and a 14-day 
moving average was then applied. After this averaging, an 
additional temporal smoothing step was introduced by 
averaging the forecast valid for target date t at lead l with 
the forecast initialized one day earlier and verified for the 
same target date (i.e., (t, l) and (t − 1, l + 1)). This step was 
not intended to further remove synoptic-scale variability 
after the 14-day averaging, but rather to reduce small 
discontinuities between adjacent initialization cycles and 
to stabilize lead-dependent forecast estimates. Because 
the two forecasts corresponded to the same target date 

(and therefore the same 14-day verification window) but 
originated from adjacent initialization cycles, averaging 
them yielded a more stable estimate for subseasonal 
verification without changing the forecast’s temporal 
definition.

The ECMWF forecasts were from the S2S database, 
which included one control member and 50 perturbed 
members. In our dataset, the real-time ECMWF forecasts 
used for evaluation covered 2015–2021 and included 
51 members (one control member and 50 perturbed 
members), whereas the corresponding reforecast archive 
used for debiasing covered 1995–2014 and included 
11 members (one control member and 10 perturbed 
members). The same preprocessing procedure was applied 
to the ECMWF members, and the ensemble mean was 
used for deterministic evaluation after preprocessing 
and correction. The two forecast systems were evaluated 
separately throughout this study rather than merged into 
a single multi-model ensemble. After preprocessing, both 
forecast datasets were interpolated to a common 1.5° × 1.5° 
grid for comparison with CPC observations. The analysis 
period covered 2018–2021. Although this period was 
sufficient to evaluate representative subseasonal forecast 
behavior, the relatively short sample length may limit 
the robustness of the results, especially for event-based 
statistics.

2.2. Conventional bias-correction procedures

For ECMWF’s 51-member ensemble, we applied a dynamic 
climatological reference for correction.39 For each target 
forecast date and grid point, we extracted historical data 
from the 1995–2014 reforecast archive within a ±6-day 
window around the same month–day and computed the 
mean of the 11-member ECMWF reforecast ensemble 
over that window as the climatological bias baseline. This 
bias baseline was estimated from the reforecast ensemble 
statistics and then applied member-wise to each member 
of the real-time 51-member ECMWF ensemble. We 
subtracted this baseline from each member of the real-time 
forecast ensemble, and add the long-term climatological 
mean of observations over the same window to obtain the 
bias-corrected probabilistic forecasts. The observational 
climatology used in this debiased (DEB) procedure was 
defined using the same calendar-window framework as the 
anomaly reference used for ACC calculation.

For CFSv2, we follow the correction workflow in40. We 
construct a 32-member forecast ensemble by aggregating 
the most recent eight initialization times at 6-hour intervals. 
For each target date and grid point, we extract historical 
dates from 1999–2017 that exactly match the month–
day and compute the mean climatological bias from the 
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corresponding 32-member CFSv2 hindcast ensemble. 
We then subtract this hindcast climatological mean from 
each member of the real-time ensemble and add the 
observational climatological mean for the same calendar 
date, forming a two-way compensation that removes 
systematic bias. As with ECMWF, the correction is applied 
to each member of the real-time CFSv2 ensemble, while 
the bias reference is estimated from the corresponding 
hindcast ensemble statistics.

2.3. Adaptive bias correction algorithm

We implement the ABC algorithm as described by 
Mouatadid et al.35 (Figure 2). The procedure is summarized 
below:

(i)	 Inputs included dynamical ensemble forecasts (51 
members for ECMWF: one control + 50 perturbed; 32 
members for CFSv2), historical gridded observations 
of temperature, a climatological baseline, the target 
date, lead time, and the number of training years.

(ii)	 Climatology++ (climatological baseline optimization): 
based on the seasonal characteristics of the target date, 
Climatology++ selected an optimal climatological 
reference from historical observations around the same 
season (e.g., the past 12 years within ±35 days of the 

same calendar date). Using a robust error criterion, it 
dynamically chose the optimal climatological median 
as a static reference, improving seasonal consistency.

(iii)	Dynamical++ (dynamical bias correction): 
Dynamical++ filtered historical data within a 
seasonally similar window, dynamically fused raw 
forecasts from multiple initialization dates and lead 
times to form an ensemble mean, computed the mean 
bias between historical observations and the historical 
ensemble mean, and added this bias as a correction 
term to the current dynamical forecast, reducing 
systematic warm/cold biases.

(iv)	 Persistence++ (trend modeling): To capture recent 
weather evolution, Persistence++ built grid-point 
regression models that integrated lagged observations, 
the climatological baseline, and the dynamical 
ensemble mean. The correction term was estimated 
via least squares to represent local temperature 
tendencies and to compensate for dynamical-model 
lag in responding to rapidly evolving events.

(v)	 The final ABC forecast was produced by uniformly 
averaging the outputs of Climatology++, 
Dynamical++, and Persistence++, ensuring balanced 
fusion of multiple information sources.

(vi)	 For each target date and each member of the dynamical 

Figure 2. Schematic framework of the adaptive bias correction algorithm
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ensemble, we took an equal-weight average of the 
three sub-model predictions to obtain the final bias-
corrected daily temperature forecasts for 2018–2021.

2.4. Evaluation metrics

We evaluate forecast performance using the RMSE 
and ACC, representing error magnitude and spatial 
consistency, respectively.

The RMSE is defined as in Equation 1:
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temperature, and L(j) is the latitude weight at grid j, defined 
as Equation 2:
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The latitude-weighted ACC is defined as Equation 3:
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where primes (’) denote anomalies relative to climatology. 
ACC quantifies the spatial similarity between the forecast 
and observed fields.

3. Results
3.1. Overall performance of adaptive bias correction 
in subseasonal temperature prediction

We systematically assessed the impact of ABC on 
subseasonal temperature forecasts from CFSv2 and 
ECMWF over East Asia. Unless otherwise stated, all 
percentage changes reported in this section were calculated 
relative to the corresponding raw forecast (RAW) for the 
same model, lead window, and season. Figure 3 summarizes 
the RMSE of 2-m temperature forecasts at lead windows of 
1–2, 3–4, and 5–6 weeks during 2018–2021 for raw CFSv2 
and ECMWF forecasts and their corresponding ABC-
corrected results.

Overall, ABC markedly reduced RMSE relative to the 
RAW for both CFSv2 and ECMWF, demonstrating robust 
improvements across all lead windows. Figure 3A–C shows 
the multi-year mean RMSE at lead times of 1–2, 3–4, and 
5–6 weeks, respectively. For both forecast systems, raw-
model errors generally increased with lead time, with 

RMSE values exceeding 4 °C at 3–6-week leads. After ABC 
correction, RMSE was substantially reduced across all 
three lead windows, by approximately 60–75% relative to 
RAW.

Figure 3D–F further illustrates the seasonal mean RMSE 
averaged over 2018–2021. Raw forecasts exhibited clear 
seasonal dependence, with relatively larger errors in winter 
and summer, whereas ABC substantially weakened this 
seasonal contrast. In particular, ABC-corrected ECMWF 
forecasts consistently achieved the lowest RMSE in all 
seasons and lead times, remaining below 1.5 °C even at 
5–6-week leads. These results indicated that ABC not only 
reduced the overall error magnitude but also improved 
the stability of subseasonal temperature forecasts across 
both seasons and lead times. The seasonal comparison 
further showed that the largest raw-forecast errors occur 
in summer and winter, while the ABC-corrected forecasts 
remained comparatively stable in all seasons. This behavior 
suggested that ABC was effective in reducing lead-
dependent error accumulation and enhancing cross-season 
robustness. Taken together, Figure 3 demonstrates three 
main features of ABC performance: (i) consistent RMSE 
reduction relative to RAW, (ii) effective suppression of 
error growth at longer leads, and (iii) robust improvements 
across both forecast systems and all seasons.

3.2. Contributions of the adaptive bias correction 
sub-modules

To assess the contributions of the Dynamical++ and 
Persistence++ components to the ABC framework, 
Figure 4 presents seasonal comparisons of RMSE over 
East Asia for CFSv2 and ECMWF at lead windows of 
1–2, 3–4, and 5–6 weeks during 2018–2021. Specifically, 
Figure 4A compares raw CFSv2 forecasts with their 
dynamically corrected counterparts (raw_cfs vs. cfsv2pp),  
and conventional persistence forecasts with the enhanced 
persistence scheme for CFSv2 (persistence vs. perpp_cfs), 
Figure 4B compares raw ECMWF forecasts with their 
dynamically corrected counterparts (raw_ec vs. ecmwfpp), 
and conventional persistence forecasts with the enhanced 
persistence scheme for ECMWF (persistence vs. perpp_
ec).

Across both forecast systems, the dynamically 
corrected forecasts consistently yield lower RMSE than 
the corresponding raw model forecasts in all seasons. This 
improvement was evident at all three lead windows and 
was particularly clear at 3–4 and 5–6 weeks, indicating 
that Dynamical++ effectively reduced lead-dependent 
forecast errors. For both CFSv2 and ECMWF, the seasonal 
comparisons showed that the error reduction was robust 
across winter, spring, summer, and autumn, although the 
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Figure 3. Comparison of root mean square error (RMSE) for subseasonal (2–6-week) 2-m temperature forecasts over East Asia during 2018–2021. (A–C) 
Multi-year mean RMSE at lead times of 1–2, 3–4, and 5–6 weeks for raw CFSv2, raw ECMWF, and their corresponding adaptive bias correction (ABC) 
forecasts. (D–F) Seasonal mean RMSE averaged over 2018–2021 for the same lead-time windows. 
Abbreviations: ABC: Adaptive bias correction; CFSv2: Climate Forecast System Version 2; ECMWF: European Centre for Medium-Range Weather 
Forecasts; RMSE: Root mean square error.

Figure 4. Seasonal comparison of RMSE for the Dynamical++ and Persistence++ components in the ABC framework over East Asia within 2018–2021. 
(A) Raw CFSv2 versus cfsv2pp, persistence versus perpp_cfs. (B) raw ECMWF versus ecmwfpp and persistence versus perpp_ec. Each panel shows results 
for winter, spring, summer, and autumn at lead windows of 1–2, 3–4, and 5–6 weeks. 
Abbreviations: ABC: Adaptive bias correction; CFSv2: Climate Forecast System Version 2; ECMWF: European Centre for Medium-Range Weather 
Forecasts; RMSE: Root mean square error.
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magnitude of improvement varies somewhat by season 
and forecast system. A similar pattern was found for the 
persistence-based pathway. Compared to conventional 
persistence, the enhanced persistence schemes (perpp_cfs 
and perpp_ec) produced substantially lower RMSE in all 
seasons and across all lead windows. The improvements 
were especially notable at longer leads, where conventional 
persistence degraded more rapidly. This behavior suggested 
that Persistence++ provided useful additional information 
for representing evolving temperature tendencies beyond 
what could be captured by simple persistence alone.

We did not include a direct comparison between 
Climatology and Climatology++ in these figures because 
the purpose of these two panels was to isolate lead-
time-dependent error-growth control for forecast-like 
components. Climatology-based baselines were largely 
lead-invariant and were mainly used as a reference term 
in ABC rather than a competitive subseasonal forecast 
on their own. Instead, the effect of Climatology++ was 
reflected indirectly through its interaction with the 
dynamical and persistence corrections in the full ABC 
framework, where it stabilized the seasonal baseline and 
constrained drift under varying background climate states.

Therefore, Figure 4 focuses on the two components 
that were most directly associated with lead-dependent 
error growth and its reduction. Taken together, these 
results indicate that the overall improvement of ABC 
arises from the complementary effects of its sub-modules. 
Dynamical++ contributed by correcting systematic 
model-dependent errors, while Persistence++ improved 
the representation of recent temperature evolution. 
Climatology++, although not shown separately here, 
provided a stable seasonal baseline that helps constrain drift 
in the full ABC framework. Their combined use supported 
the robust improvements in forecast performance shown 
in Section 3.1.

3.3. Spatial characteristics of forecast improvement

We further compared spatial distributions of RMSE 
and ACC for CFSv2 and ECMWF under RAW, standard 
debiasing, and ABC at 1–2, 3–4, and 5–6-week leads 
(Figure 5). The number shown at the top of each panel 
denotes the corresponding domain-averaged RMSE or 
ACC over East Asia for that method and lead window. 
Overall, ABC consistently reduced errors and improved 
spatial coherence across regions and lead times, indicating 
strong adaptability and generalization over East Asia.

The RMSE maps showed that raw CFSv2 forecasts 
exhibited relatively large errors over the northern mid-
latitudes, including the Mongolian Plateau and the North 
China Plain, and that these errors generally increased with 

lead time. Conventional debiasing reduced RMSE over part 
of the domain, but notable errors remained over northern 
East Asia. In comparison, ABC further reduced RMSE 
across most regions, with particularly clear improvements 
in North and Northeast China. Raw ECMWF forecasts 
showed lower RMSE at short leads, but higher errors at 
longer leads in several regions. DEB improved part of the 
short-lead error structure, but the spatial improvement 
remained uneven. ABC further reduced RMSE across 
much of the domain, with marked improvements along the 
eastern margin of the Tibetan Plateau and in the Yangtze–
Huaihe River basin.

The ACC maps provided a consistent picture. At lead 
windows of 3–4 and 5–6 weeks, raw forecasts showed 
substantial spatial mismatch, with low or even negative ACC 
over northern Asia and the Tibetan Plateau. Conventional 
debiasing yielded only limited ACC improvement, and its 
benefit weakened noticeably at longer leads. In contrast, 
ABC substantially improved spatial correlation for both 
forecast systems. For CFSv2, ABC maintained relatively 
higher ACC values across short to long leads, while for 
ECMWF, ABC also produced broader regions of positive, 
relatively large ACC than either RAW or DEB. High-ACC 
regions under ABC are mainly located in Southeast Asia, 
the Yangtze–Huaihe basin, and South China.

Taken together, these results show that ABC not only 
reduced the magnitude of temperature forecast errors 
but also improved the spatial consistency of subseasonal 
temperature anomalies. Relative to the RAW, the RMSE 
reductions and ACC increases were generally more 
pronounced under ABC than under DEB, indicating that 
the adaptive combination of climatological, dynamical, 
and persistence-based information provided more effective 
spatial correction than static debiasing alone.

To further illustrate the improvement in spatial bias 
structure, Figure 6 compares the temperature-bias patterns 
of RAW and ABC at different lead windows. For both 
forecast systems, raw forecasts exhibited widespread 
cold bias across much of East Asia, particularly over the 
Mongolian and Tibetan Plateaus and Northeast Asia. 
Although cold bias remained evident at longer leads, the 
signed bias did not necessarily increase monotonically 
with lead time. This is because Figure 6 shows mean signed 
bias rather than total error magnitude, and positive and 
negative regional errors may partially offset each other 
after temporal and spatial averaging. Therefore, the main 
purpose of Figure 6 is to show the spatial structure of the 
systematic warm/cold bias and its correction by ABC, 
rather than to show the growth of total forecast error 
with lead time. From this perspective, ABC substantially 
reduced the magnitude of these biases and improved their 
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spatial distribution, particularly over mid–high latitudes 
and regions with complex terrain. This improvement was 
also reflected in the domain-averaged mean absolute bias 
shown in each panel, which provided a complementary 
measure of the overall bias magnitude without cancellation 
between positive and negative regional errors. 

For ECMWF, the ABC-corrected bias was compressed 
to a much narrower range over most of the domain, while 
for CFSv2, the bias reduction was especially evident at 3–4 
and 5–6 weeks. Therefore, Figure 6 should be interpreted 
primarily as evidence of improved bias structure, whereas 
the lead-time growth of total forecast error was more 
directly reflected by the RMSE results in Figure 5. These 
improvements were consistent with ABC’s ability to 
better control large-scale systematic errors in extended-
range forecasting, although our analysis did not explicitly 
diagnose the underlying circulation processes.

3.4. Case-study evaluation of cold-surge and heat-
event forecasts

To further examine the practical behavior of the different 
correction methods during high-impact events, we 
included two illustrative cases: a winter cold-surge event 
in January 2021 and a summer heat event on 7 July 2021. 
These two cases were selected as illustrative examples of 
winter and summer high-impact temperature events 
during 2018–2021 because both exhibited clear regional 
extent and pronounced temperature anomalies, making 
them suitable for visually comparing the forecast behavior 
of RAW, DEB, and ABC under contrasting cold and warm 
extreme conditions. They were not selected as the strongest 
events in the evaluation period, and they were intended to 
provide event-level illustrations rather than a statistical 
representation of all cold-surge and heat events during 
2018–2021.

Figure 5. Spatial distributions of RMSE and ACC for CFSv2 and ECMWF under RAW, DEB, and ABC at lead windows of 1–2, 3–4, and 5–6 weeks over 
East Asia during 2018–2021. (A, B) RMSE. (C, D) ACC. The number shown at the top of each panel denotes the corresponding domain-averaged RMSE 
(for panels A and B) or domain-averaged ACC (for panels C and D). 
Abbreviations: ACC: Anomaly correlation coefficient; CFSv2: Climate Forecast System Version 2; ECMWF: European Centre for Medium-Range Weather 
Forecasts; RMSE: Root mean square error.
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Figure 6. Spatial distribution of temperature bias for CFSv2 and ECMWF under raw forecasts and ABC at different lead times. 
Abbreviations: ABC: Adaptive bias correction; CFSv2: Climate Forecast System Version 2; ECMWF: European Centre for Medium-Range Weather 
Forecasts; MAB: Mean absolute bias.
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Figure 7 shows the cold-surge case, in which cold air 
invaded North and Northeast China, with temperatures 
dropping below −10 °C. Raw ECMWF generally 
overestimated temperature, with 1-2 week and 3-4 week 
RMSE of 5.59 °C and 6.40 °C, respectively. Conventional 
debiasing reduced part of the mean error but still left 
notable warm bias over key cold-surge regions. In 
comparison, ABC achieved the lowest RMSE across all 
lead windows; bias maps showed that ABC suppressed 
warm-bias spread and kept biases mostly within ±1.5 °C, 
indicating improved correction performance in this cold-
surge case.

Figure 8 shows the July 2021 heat case over northern 
East Asia (30°–47° N, 110°–135° E). Raw CFSv2 captured 
the broad warm anomaly pattern but exhibited increasing 
warm bias over North and Northeast China as lead time 
increased, with the RMSE reaching 3.87 °C at the longest 
shown lead. Conventional debiasing reduced warm bias at 
short leads (e.g., the 1–2-week RMSE was reduced to 0.84 
°C), but at longer leads, it introduced notable cold bias in 
parts of northern East Asia. ABC consistently produced 
the lowest RMSE among the compared methods, reducing 

the 1–2-week RMSE to 0.73 °C and limiting the longest-
lead RMSE to 2.99 °C.

Taken together, these two illustrative cases show that 
ABC improved forecast performance for both cold and 
heat extremes relative to RAW and DEB. In both cases, 
the ABC-corrected fields exhibited lower RMSE and more 
realistic spatial temperature patterns than the RAW fields, 
suggesting that the adaptive framework could improve 
forecast accuracy in these two high-impact temperature 
cases. However, these case studies were intended only as 
illustrative event-level examples, and the robustness of the 
improvement across a larger set of cold-surge and heat 
events remained to be assessed in future work.

4. Discussion
This study demonstrated that ABC substantially improved 
subseasonal (2–6-week) temperature forecasts over 
East Asia relative to both raw dynamical outputs and 
conventional bias-correction methods. The improvements 
were evident across multiple dimensions, including 
reduced error magnitude, enhanced spatial coherence, 
and increased robustness during extreme temperature 

Figure 7. Observed and forecast 2-m temperature fields for the January 2021 East Asian cold-surge event under different methods at different lead 
windows. Shading denotes 2-m temperature (°C), and the black contours indicate 2-m temperature isotherms at 2 °C intervals. The boxed value in each 
forecast panel denotes the corresponding RMSE. 
Abbreviations: ABC: Adaptive bias correction; DEB: Debiased; EC: European Centre for Medium-Range Weather Forecasts; RAW: Corresponding raw 
forecast; RMSE: Root mean square error.
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events. These results provide strong support for our 
working hypothesis that static, climatology-based bias 
correction is insufficient at the subseasonal range, and 
that adaptive integration of climatology, dynamical-model 
error characteristics, and recent persistence information is 
essential for suppressing nonlinear error growth.

4.1. Interpretation in the context of previous studies

Previous studies have consistently shown that subseasonal 
temperature prediction skill deteriorates rapidly with 
lead time due to the combined effects of initial-condition 
uncertainty, model-physics deficiencies, and climate drift, 
particularly over regions influenced by complex circulation 
systems, such as the East Asian monsoon. Traditional 
bias-correction approaches—such as climatological 
anomaly adjustment, model output statistics, and quantile 
mapping—have been shown to remove part of the mean 
bias but often fail to maintain skill at longer leads because 
they assume temporal stationarity in forecast errors.41 
Our results are fully consistent with these findings: while 
conventional debiasing reduces short-lead errors, its 
effectiveness decays markedly beyond 3–4 weeks and offers 
limited improvement in spatial anomaly correlation.

In contrast, the ABC framework aligns with recent 
advances that emphasize adaptive and hybrid correction 
strategies. Similar to prior work across North America and 
Europe, we found that ABC significantly improved both 
RMSE and ACC at extended lead times. Furthermore, 
this study extended earlier findings in three important 
ways. First, it demonstrated that ABC remained effective 
over the East Asian monsoon region, where strong 
intraseasonal variability, land–sea thermal contrasts, 
and complex topography posed additional challenges. 
Second, the method showed consistent skill gains across 
two structurally different forecast systems (CFSv2 and 
ECMWF), indicating that its effectiveness was not model-
specific. Moreover, the event-based analyses in Section 
3.4 showed that ABC also yielded lower RMSE and more 
realistic spatial temperature patterns than RAW and DEB 
during the January 2021 cold-surge case and the July 2021 
heat event.

4.2. Possible interpretation of adaptive bias 
correction performance

The improved performance of ABC likely reflects the 
complementary roles of its three sub-components. 

Figure 8. Observed and forecast 2-m temperature fields for the 7 July 2021 heat event over northern East Asia under different methods at different lead 
windows. Shading denotes 2-m temperature (°C), and the black contours indicate 2-m temperature isotherms at 2 °C intervals. The boxed value in each 
forecast panel denotes the corresponding RMSE. 
Abbreviations: ABC: Adaptive bias correction; CFS: Climate Forecast System Version 2; DEB: Debiased; RAW: Corresponding raw forecast; RMSE: Root 
mean square error.
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Climatology++ provides a dynamically optimized seasonal 
baseline that mitigates climate drift and suppresses 
seasonally dependent biases, both of which are common 
in CFSv2 and ECMWF. Dynamical++ reduces systematic 
model-dependent errors by leveraging historical 
forecast–observation relationships under similar seasonal 
conditions, thereby improving the correction of seasonally 
varying temperature biases. Persistence++ captures 
recent temperature tendencies and compensates for the 
lagged response of dynamical models to rapidly evolving 
atmospheric processes.

Importantly, the equal-weight fusion of these 
components allows ABC to balance stability and 
adaptability. During relatively stable periods, climatological 
information constrains overfitting and noise amplification, 
whereas during transition seasons or extreme events, 
persistence and dynamical adjustments become more 
influential. This multi-source combination is consistent 
with the observed reductions in RMSE and improvements 
in spatial anomaly correlation, particularly at 5–6-week 
leads where conventional approaches show limited 
effectiveness.

4.3. Implications for subseasonal prediction and 
applications

From an operational perspective, the improvement shown 
here is relevant for early warning and decision-making in 
East Asia. More stable temperature forecasts at subseasonal 
leads can support agriculture, energy management, and risk 
preparedness for cold surges and heat events. In this sense, 
ABC can be viewed as a practical adaptive post-processing 
framework that helps convert existing dynamical forecast 
information into more usable temperature guidance.

More broadly, the results highlight a shift in 
subseasonal forecasting philosophy: rather than treating 
bias correction as a purely statistical post-processing step, 
it should be viewed as a dynamic extension of the forecast 
system, capable of interacting with both model physics 
and observed atmospheric evolution. This perspective is 
consistent with emerging hybrid dynamical–statistical 
frameworks and supports the growing integration of 
adaptive algorithms into operational S2S prediction 
systems.

4.4. Limitations and future research directions

Despite its advantages, several limitations warrant further 
investigation. First, the present study was conducted at a 
relatively coarse spatial resolution (1.5° × 1.5°). While this 
is appropriate for large-scale assessment, finer-resolution 
forecasts may exhibit different bias structures, particularly 

over complex terrain such as the Tibetan Plateau and its 
surrounding regions. Future work should evaluate ABC 
using higher-resolution forecast systems to assess its 
scalability and effectiveness for local extremes.

Second, the computational cost of ABC is higher 
than that of static debiasing because it requires rolling 
training, historical-analog-based sampling, and dynamic 
optimization of multiple correction pathways. Although 
this remains feasible for retrospective evaluation, further 
simplification may be required for real-time operational 
use, implying a trade-off between forecast accuracy and 
computational efficiency.

Finally, although this study focuses on temperature, 
extending ABC to other subseasonal variables may be 
challenging. For example, precipitation exhibits stronger 
intermittency, greater non-Gaussianity, and higher 
sensitivity of extremes to small forecast shifts, all of which 
may complicate both calibration and validation. These 
issues should be examined carefully in future work.

In summary, this study provides strong evidence 
that ABC represents a robust and transferable pathway 
for improving subseasonal temperature prediction over 
East Asia. By explicitly accounting for spatiotemporal 
heterogeneity in model errors and leveraging multiple 
sources of predictive information, ABC offers a valuable 
bridge between dynamical forecasting and practical 
climate services.

5. Conclusion
In conclusion, ABC substantially improves subseasonal 
(2–6-week) 2-m temperature forecasts over East Asia 
compared with raw forecasts and conventional debiasing. 
By integrating climatological, dynamical, and persistence 
information, ABC reduces forecast errors, improves 
spatial consistency, and remains effective across seasons, 
lead times, forecast systems, and representative cold-surge 
and heat-event cases. These findings suggest that ABC is 
a robust and transferable postprocessing framework with 
strong potential for operational subseasonal temperature 
prediction and climate-risk decision support in East Asia.
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