
We sincerely thank the referee for the thorough and constructive review. The comments have 

substantially improved the methodological clarity, the evaluation of climate-change signal 

preservation, and the discussion of generalizability. The referee's comments are reproduced in 

italics, followed by our point-by-point responses, the revised manuscript text, and any added 

references. Line numbers refer to the originally submitted manuscript. 

  



Comment 1 

This paragraph presents downscaling and bias correction as the two standard components of 

operational post-processing, which may overstate how routinely the two approaches are 

coupled. Downscaling and bias correction are distinct post-processing methods with different 

objectives, and either may be applied independently. Please revise the wording to avoid 

implying that the two methods are necessarily or routinely applied together. 

Response 

We agree and have revised the wording. Downscaling and bias correction are indeed distinct 

operations with different objectives, the former enhancing spatial resolution and regional detail 

and the latter reducing systematic model biases relative to a reference, and either can be applied 

on its own depending on the application. Our intention was only to note that many impact 

applications require both properties, not that the two are always coupled. The paragraph now 

states this explicitly and motivates BHRR as a framework that provides both within a single 

workflow, without implying that coupling is standard practice. 

We have revised the manuscript as follows: 

Introduction (Lines 69-75, revised): 

In operational practice, downscaling and bias correction are distinct post-processing operations 

with different objectives. Downscaling enhances spatial resolution and recovers regional detail, 

whereas bias correction reduces systematic discrepancies relative to an observation-based 

reference. Either may be applied independently depending on the application, and many impact 

and engineering applications require both a higher effective resolution and a corrected 

distribution. This motivates a framework that can provide both properties within a single 

workflow, rather than implying that the two operations are necessarily applied together. 

 

 

  



Comment 2 

(a) Please specify the exact interpolation method and discuss how sensitive the restoration 

performance is to this choice; would bicubic, nearest-neighbor, or conservative remapping 

materially affect the results? (b) Clarify how the Restormer-derived and reference-based 

quantile maps are constructed, what the ViT predicts, and how the predicted map is used in 

equidistant CDF matching, and why a ViT is used rather than directly constructing empirical 

model-to-reference quantile mappings. (c) Clarify whether the reference dataset must always 

have finer resolution than the GCM input and whether the target resolution is determined by 

the reference dataset. 

Response 

(a) The interpolation is bilinear (two-dimensional linear) interpolation from the native 

ACCESS-CM2 grid to the 0.25° grid; we now state this explicitly. Regarding sensitivity, the 

restoration stage is trained specifically to recover the fine-scale structure that any smooth 

interpolation removes, so the choice among smooth interpolators has limited influence on the 

final restored field: the interpolated input is, by construction, a low-information blurred field 

regardless of whether bilinear, bicubic, or nearest-neighbour is used, and the Restormer maps 

it toward the same reference target. We selected bilinear interpolation because it is the standard 

choice for intensive variables such as temperature and, unlike bicubic (which can introduce 

overshoot near sharp gradients) or nearest-neighbour (which introduces block discontinuities), 

it does not add interpolation artefacts that the network would then have to remove. 

Conservative remapping is designed to preserve areal integrals and is most relevant for flux-

like or mass-conserving fields (e.g., precipitation) rather than for an intensive field such as 

near-surface temperature. We now discuss this in Section 2.3. 

(b) The construction of the quantile maps was already clarified in our revision for Referee #1: 

Section 2.3.2 now defines the quantile map explicitly as a three-dimensional array of size 

𝑇 × 𝐻 ×𝑊 , in which each grid cell stores its empirical quantile function evaluated at 99 

probability levels, and Fig. 2a was added to illustrate the construction (per-cell daily series → 

empirical quantile function → stacked 3-D quantile map). Building on that revision, we restate 

here what the ViT predicts and how the map is used: at each grid cell the Restormer-restored 

historical series yields the Restormer-derived quantile map 𝑄𝑅 and the reference yields 𝑄𝑟𝑒𝑓; 

the ViT is trained to predict 𝑄𝑟𝑒𝑓 from 𝑄𝑅 (a quantile-map-to-quantile-map translation), and 



the predicted map is then used as the transfer function in equidistant CDF matching, in which 

each future daily value is assigned the value of equal rank in the predicted reference distribution. 

Regarding why a ViT is used rather than the raw empirical map, we have added a direct 

comparison against a non-learned empirical quantile-mapping baseline; see our response to 

Comment 5. 

(c) In the supervised formulation the reference dataset defines the target high-resolution spatial 

structure and the target resolution, so the reference must be finer (or at least structurally richer) 

than the coarse GCM input, and the output resolution is that of the reference (here 0.25° 

PGFv3). Applying the framework to other variables, regions, or products therefore requires a 

suitable high-resolution reference for those settings; we now state this assumption explicitly 

and discuss its implications for transferability in the revised Discussion (see Comment 6). 

We have revised the manuscript as follows: 

Section 2.3: 

First, daily GCM temperature fields are resampled to the fixed 200 × 280 domain using bilinear 

interpolation to construct the model inputs. Second, the Restormer module restores high-

resolution spatial structure from the upscaled fields and produces daily temperature fields on 

the same grid as the reference dataset. Because the restoration stage is trained to recover the 

fine-scale structure removed by any smooth interpolation, the restored field is largely 

insensitive to the choice among smooth interpolators, and bilinear interpolation is adopted as 

the standard choice for intensive variables because, unlike bicubic or nearest-neighbour 

interpolation, it does not introduce overshoot or block artefacts that the network would 

subsequently have to remove. Third, the ViT module performs bias correction in quantile-

function space by translating the Restormer-derived high-resolution quantile map. 

Section 2.3.1: 

The reference dataset defines both the target high-resolution spatial structure and the target 

resolution. The framework therefore assumes a reference that is spatially richer than the coarse 

GCM input, and the output is produced on the reference grid. 



 

Fig. 2. (a) Construction of the quantile map from the per-cell daily time series and (b) overview 

of the ViT network architecture for bias correction 

 

  



Comment 3 

Because sequential downscaling and bias correction are already well established (including 

BCSD), the manuscript should more clearly identify what is fundamentally novel beyond the 

use of specific neural-network architectures. Comparison with one or more representative 

deep-learning-based downscaling or post-processing methods, if feasible, would better 

demonstrate the added scientific value of BHRR. 

Response 

We have sharpened the statement of novelty. The contribution is not the use of a particular 

network per se, but the formulation of distribution-aware bias correction as an explicit, learned 

quantile-map-to-quantile-map translation that is coupled with image-domain spatial restoration 

in a single workflow. Unlike conventional sequential pipelines (e.g., BCSD), in which 

downscaling and per-cell statistical bias correction are separate and independent steps, BHRR 

(i) restores fine-scale structure in the image domain and (ii) represents the bias correction as a 

spatially coherent, learned transfer object (the predicted reference quantile map) that 

regularizes the otherwise independent per-cell empirical quantiles. To demonstrate the added 

value concretely, we provide two controlled comparisons, namely against the widely used 

statistical product NEX-GDDP-CMIP6, which we adopt as the representative benchmark 

(already in the manuscript), and against a non-learned empirical quantile-mapping baseline that 

isolates the contribution of the learned translation (new; see Comment M5). We did not 

additionally re-train several other deep-learning architectures under identical conditions for 

two reasons. There is no single established deep-learning architecture that is directly 

comparable to the combined restoration-and-distribution-correction task addressed here, and 

reproducing, tuning, and evaluating such alternatives on the same domain and reference would 

constitute a separate, multi-month benchmark study beyond the scope of this technical 

description. We therefore treat NEX-GDDP-CMIP6 as the representative external benchmark 

and note a broader deep-learning intercomparison as future work in the Conclusions. 

We have revised the manuscript as follows: 

Introduction 

The novelty of BHRR lies in formulating bias correction as an explicit, learned quantile-map-

to-quantile-map translation that produces a spatially coherent transfer object, coupled with 

image-domain spatial restoration in a single workflow, rather than in the use of any particular 



network architecture. On this basis, the main contributions of this work can be summarized as 

follows. (1) A two-stage Transformer post-processing framework (BHRR v1.0) decouples 

Restormer-based spatial restoration from ViT-based distributional correction, addressing the 

inability of pixel-wise image regression to remove systematic distributional biases. (2) A 

quantile-function formulation, in which the ViT predicts a reference-based quantile map used 

as an explicit transfer function for equidistant CDF matching, allows the learned correction to 

be applied to future projections while preserving CDF-based ranks. (3) A like-for-like 

evaluation against NEX-GDDP-CMIP6 over Oceania for three temperature variables includes 

climate-change signal preservation under two SSP scenarios using ETCCDI indices, Sen's 

slope, and spatial STDEV. The remainder of this paper is organized as follows. Section 2 

describes the datasets, the BHRR framework, and the evaluation protocol; Section 3 presents 

the results; Section 4 discusses implications and limitations; and Section 5 concludes the paper. 

Conclusions 

Spatial STDEV showed scenario-dependent spatial variability consistent with that of the 

benchmark product. Future work will extend BHRR to additional GCMs, regions, and non-

Gaussian variables such as precipitation. A systematic intercomparison of BHRR with other 

deep-learning downscaling and post-processing architectures under identical training and 

evaluation conditions is left for future work. 

 

 

  



Comment 4 

The motivation for quantile mapping could be developed more fully. Distribution-based 

methods are valuable because model biases may vary across the distribution and evolve under 

external forcing; methods such as equidistant quantile mapping correct biases across the 

distribution, including the tails, while better preserving projected climate-change signals. 

Please expand the discussion. 

Response 

We thank the referee for this suggestion, and we have expanded the motivation along two 

complementary lines. First, as the referee notes, a distribution-based correction is preferable to 

a mean or variance adjustment because model biases vary across the distribution and evolve 

under external forcing. For near-surface temperature, the bias in the cold tail, which governs 

frost occurrence, and the bias in the warm tail, which governs hot extremes, can differ in sign 

and magnitude from the bias in the median, so only a correction that adjusts the full quantile 

function can reduce the errors in the extremes that drive impact-relevant indices. Furthermore, 

because these biases can change under external forcing, the correction must reshape the 

distribution without overwriting the projected change. Equidistant and quantile-delta 

approaches (Li et al., 2010; Cannon et al., 2015) were developed precisely to preserve quantile-

specific changes while removing bias, which is why the Bias-corrected High-resolution 

Restoration framework adopts an equidistant cumulative distribution function matching 

formulation rather than a mean-bias adjustment. 

Second, and specific to the image-domain learning setting of this study, a distribution-aware 

formulation is motivated by a difficulty that is not present in classical statistical post-processing. 

Because the general circulation model output and the observation-based reference occupy 

systematically different statistical distributions at each grid cell, a pixel-wise image-to-image 

network trained with a reconstruction loss tends to regress toward the mean and cannot align 

the two distributions; this distributional mismatch degrades both the training convergence and 

the predictive skill of the network, most severely in the distributional tails. By representing the 

correction explicitly as a quantile-map-to-quantile-map translation that the Vision Transformer 

learns, the framework decouples distributional alignment from spatial reconstruction: the 

network learns the model-to-reference distribution mapping directly, rather than having to 

absorb it implicitly through pixel-wise regression. This is the principal reason a distribution-



aware, quantile-based approach is preferable in the present application, and we have added this 

discussion to the manuscript. 

We have revised the manuscript as follows: 

Introduction: 

A mean or variance adjustment cannot correct biases that differ across the distribution, which 

is common for temperature, where the bias in the cold and warm tails can differ in sign and 

magnitude from the bias in the median. Because model biases can also evolve under external 

forcing, the correction should adjust distributional shape without overwriting the projected 

change. Equidistant and quantile-delta approaches (Li et al., 2010; Cannon et al., 2015) were 

developed precisely to preserve quantile-specific changes while removing bias. 

To strengthen the manuscript, we have added the following reference(s) to the reference list: 

Li, H., Sheffield, J., and Wood, E. F.: Bias correction of monthly precipitation and temperature 

fields from Intergovernmental Panel on Climate Change AR4 models using equidistant quantile 

matching, J. Geophys. Res., 115, D10101, https://doi.org/10.1029/2009JD012882, 2010. 

  



Comment 5 

It remains unclear what additional capability is provided by learning the quantile-function 

translation with a ViT rather than directly estimating the empirical model-to-reference mapping. 

Does the ViT improve spatial coherence, regularize noisy empirical quantiles, improve tail 

estimation, or generalize better? A direct comparison with a non-learned empirical quantile-

mapping baseline, or a clearer justification of the learned translation, would help establish its 

added value. 

Response 

This is an important question, and we have addressed it with a direct experiment. We 

implemented a non-learned baseline, a classic per-cell empirical quantile map (equidistant CDF 

matching, the same rank-preserving transfer used in BHRR) estimated directly from the 

historical Restormer and reference quantile functions and applied to the Restormer output, with 

no learning. We then compared it against the ViT-based correction over Tas, Tmax, and Tmin. 

Two findings emerge. First, the empirical baseline and the ViT achieve comparable 

distributional accuracy against the reference (per-cell RMSE and PBIAS medians and the 

pooled Q-Q agreement are close; R² ≈ 1.00 vs 0.999), confirming that the ViT faithfully 

reproduces the intended model-to-reference mapping rather than distorting it. Second, and this 

is the added value, the ViT produces markedly more spatially coherent quantile and correction 

fields. Because the empirical map is estimated independently at each grid cell from a finite 

daily sample, its fields, especially in the tails, are noisier cell to cell, whereas the ViT couples 

neighbouring cells through self-attention and regularizes them. Quantitatively, the mean spatial 

roughness of the applied correction field is a factor of about 1.5–2.1 lower for the ViT than for 

the empirical baseline, and the high-quantile (τ = 0.99) fields are up to about 1.5 times smoother, 

while the empirical tails are also more sensitive to the calibration sample. The ViT therefore 

acts as a spatial regularizer of the noisy per-cell empirical quantiles, improving spatial 

coherence and tail stability without sacrificing distributional accuracy. These results are 

reported in the new Supplement (Table S3 and the accompanying figures), and a concise 

comparison with traditional and learned approaches, together with the method's limitations, is 

now given in the Conclusions. 

We have revised the manuscript as follows: 

Discussion: 



Compared with a non-learned per-cell empirical quantile map, which achieves comparable 

distributional accuracy but is estimated independently at each grid cell, the ViT couples 

neighbouring cells through self-attention and produces spatially coherent, less noisy quantile 

and correction fields, particularly in the tails. This spatial regularization of otherwise noisy 

empirical quantiles is the principal advantage of the learned translation. 

Supplement: 

Table S3. Comparison of a non-learned per-cell empirical quantile-mapping baseline 

(equidistant CDF matching applied directly to the Restormer output) with the ViT-based 

correction, evaluated against the PGFv3 reference over the historical period. RMSE and 

|PBIAS| are per-cell medians; Q-Q R² is the pooled quantile-quantile agreement. Roughness is 

the domain-mean absolute Laplacian of the applied correction field and of the τ = 0.99 quantile 

field (lower = spatially smoother). The two methods achieve comparable distributional 

accuracy, whereas the ViT produces markedly smoother correction and tail fields, i.e. it 

regularizes the noisy per-cell empirical quantiles. 

Variable Method RMSE (K) |PBIAS| (%) Q-Q R² Correction-

field 

roughness 

q99 

roughness 

Tas Empirical 

QM 

1.37 0.0004 1.000 0.431 0.396 

ViT (BHRR) 1.43 0.067 0.999 0.268 0.387 

Tmax Empirical 

QM 

1.34 0.0005 1.000 0.554 0.695 

ViT (BHRR) 1.39 0.041 1.000 0.268 0.475 

Tmin Empirical 

QM 

1.52 0.0005 1.000 0.609 0.489 

ViT (BHRR) 1.55 0.024 1.000 0.406 0.439 

 

Conclusion: 

Compared with a non-learned empirical quantile mapping, which achieves comparable 

distributional accuracy, the ViT-based translation additionally regularizes the spatially noisy 

per-cell empirical quantiles and improves spatial coherence, particularly in the tails. The 

correction extends the learned relationship to future values beyond the historical range, which 

preserves the warming signal, and although the accuracy of these extrapolated tail values 

cannot be verified directly against future observations, their consistency with the widely used 

NEX-GDDP-CMIP6 product supports their plausibility.  



Comment 6 

The framework is trained using only one GCM (ACCESS-CM2) and one reference dataset 

(PGFv3), producing a model- and dataset-specific mapping. Please discuss the extent to which 

the method could be transferred to other GCMs, variables, regions, and reference products. In 

addition, both stages are trained on historical data and applied to future projections, which 

assumes the historical relationships remain valid; future climates may lie outside the historical 

training range, and the ETCCDI and Sen's-slope analyses do not directly demonstrate out-of-

distribution generalization. These assumptions and limitations should be discussed explicitly. 

Response 

We thank the referee for raising these two important points, and we have added an explicit 

discussion of both transferability and the out-of-distribution assumption. On transferability, the 

Bias-corrected High-resolution Restoration framework is a modular, retrainable architecture 

rather than a fixed mapping. Its two stages can be retrained for other general circulation models, 

variables, regions, and reference products, provided that a suitable high-resolution reference is 

available for the target setting (Comment 2). The learned operator is specific to the general-

circulation-model-reference pair used for training, which is equally true of any supervised or 

statistical post-processing method, including the bias-correction and spatial-disaggregation 

procedure underlying the NASA Earth Exchange Global Daily Downscaled Projections dataset; 

we now frame the framework accordingly as a transferable architecture whose components 

require per-setting calibration rather than as a single universal model. 

On the out-of-distribution assumption, we agree with the referee that both stages are trained on 

the 1980 to 2014 period and applied to 2015 to 2100, so the historical model-reference 

relationship and the learned low-to-high-resolution mapping are assumed to remain valid under 

a changing climate, and future values may lie outside the historical training range. We now 

state this explicitly as a genuine limitation. We would, however, respectfully note the following 

regarding evaluation. Because observation-based reference data do not exist for the future 

period, the out-of-distribution accuracy of any downscaling or bias-correction product cannot 

be verified directly against observations; this limitation is shared by all statistical and machine-

learning post-processing methods, including the widely used NASA Earth Exchange Global 

Daily Downscaled Projections dataset. In the absence of a future reference, the physical 

plausibility of the projections can nonetheless be assessed against an established benchmark 



whose reliability has been demonstrated across a large body of climate-impact studies. 

Throughout the future period, the Bias-corrected High-resolution Restoration framework 

remains consistent with the NASA Earth Exchange Global Daily Downscaled Projections 

dataset in the domain-mean temporal evolution (Fig. 7), the spatial anomaly patterns (Fig. 8), 

the projected changes in the Expert Team on Climate Change Detection and Indices extreme 

indices (Fig. 9 and Table 3), the Sen's-slope trends (Fig. 10 and Table 4), and the spatial 

variability (Fig. 11 and Fig. 12); it does not produce physically implausible values but remains 

within the range of this established product. Together with the preservation of the driving-

model warming signal quantified in response to Comment M7, in which the framework 

reproduces the ACCESS-CM2 warming trend to within about 10%, this provides practical 

evidence that the learned mapping behaves sensibly outside the historical training range. We 

would also clarify the nature of the limitation. The correction necessarily extends the learned 

distributional relationship to future values beyond the historical range. Indeed, we verified that 

the corrected future annual maximum temperature exceeds the reference historical maximum 

over roughly 85% of land cells, and this extrapolation is precisely what allows the warming 

signal to be preserved rather than collapsed toward the historical climatology. The genuine 

limitation is therefore not extrapolation itself, which is by design and necessary, but that the 

accuracy of these extrapolated tail values cannot be verified directly against observations for 

the future period. In the absence of such observations, the consistency of these projections with 

the widely used NEX-GDDP-CMIP6 product provides the practical basis for confidence, and 

direct verification will become possible only as longer observational records accumulate. We 

further note that this consistency is not merely with a popular product. PGFv3, the reference 

against which BHRR is trained, is also the observational reference used in the NEX-GDDP-

CMIP6 BCSD procedure (Sheffield et al., 2006; Thrasher et al., 2022). Because both methods 

are anchored to the same reference climatology, their agreement over the future period is a like-

for-like consistency check between two independent post-processing approaches, which 

provides a more principled basis for confidence in the extrapolated tail than agreement with an 

arbitrary benchmark would. 

We have revised the manuscript as follows: 

Discussion: 

BHRR is a modular framework rather than a universal model. Its stages can be retrained for 

other GCMs, variables, regions, and reference products where a suitable high-resolution 



reference exists, but the learned operator is specific to the GCM-reference pair, as for any 

supervised or statistical bias-correction method. Because both stages are trained on the 

historical period and applied to the future, they assume that the historical model-reference 

relationship holds under changing climate, and future values may lie outside the historical 

training range. As no observation-based reference exists for the future period, out-of-

distribution accuracy cannot be verified directly against observations, a limitation shared by all 

post-processing methods. In its place, the physical plausibility of the projections is assessed 

against the established NEX-GDDP-CMIP6 benchmark, with which the framework remains 

consistent throughout the future period in the temporal evolution, spatial anomaly patterns, 

extreme-index changes, trend magnitudes, and spatial variability, and against the preservation 

of the driving-model warming trend (Section 3.3). Importantly, the correction necessarily 

extends the learned distributional relationship to future values beyond the historical range, 

which is what allows the warming signal to be preserved rather than collapsed toward the 

historical climatology. The genuine limitation is therefore not extrapolation itself but that the 

accuracy of these extrapolated tail values cannot be verified directly against observations for 

the future period, for which the consistency with the widely used NEX-GDDP-CMIP6 product 

noted above provides the practical basis for confidence until longer observational records allow 

direct verification. 

  



Comment 7 

The current diagnostics show scenario sensitivity but do not directly quantify preservation of 

the original ACCESS-CM2 climate-change signal. First-order diagnostics should include direct 

comparisons of future-minus-historical changes in raw ACCESS-CM2 and BHRR, differences 

between SSP5-8.5 and SSP2-4.5 before and after correction, and explicit measures of changes 

in signal magnitude and spatial pattern. I also question the statement that differences are 

negligible before ~2050: the BHRR curves appear to show a systematic SSP2-4.5 vs SSP5-8.5 

separation during ~2020–2050, particularly for Tas. Please clarify whether the procedure 

amplifies the response to external forcing. 

Response 

We have added a direct quantification of signal preservation against the raw ACCESS-CM2 

driving model, which we had not included before. For each variable and scenario we computed 

the land-mean annual warming trend (K per decade) and the future-minus-historical change for 

the raw ACCESS-CM2, BHRR, and NEX-GDDP-CMIP6 outputs. Measured this way, BHRR 

preserves the driving-model signal. The BHRR warming trend equals the raw ACCESS-CM2 

trend to within roughly 5-10% across variables and scenarios (ratios of about 0.90-1.07, with 

BHRR slightly conservative for Tas under high forcing), close to NEX-GDDP-CMIP6 (0.97-

1.01), and the scenario ordering (SSP5-8.5 > SSP2-4.5) and the spatial pattern of change are 

retained. We note that a trend-based comparison is the appropriate diagnostic here, because 

comparing absolute future values against a historical baseline conflates the climate-change 

signal with the fixed offset that the bias correction adds to remove the model's historical bias; 

once the correction offset is accounted for, no material amplification of the forced trend remains. 

Regarding the apparent 2020–2050 separation in Fig. 7, we re-examined it directly. The early-

period separation between SSP2-4.5 and SSP5-8.5 is comparable in the raw ACCESS-CM2 

and BHRR outputs and is dominated by internal variability at these lead times (the forced 

scenario difference is small before mid-century), rather than being introduced or amplified by 

the downscaling and bias-correction procedure. We have corrected the over-strong statement 

that the difference is “negligible before 2050”, added a new supplementary figure (Fig. S7) 

comparing the warming signal of the raw ACCESS-CM2 driving model, BHRR, and NEX-

GDDP-CMIP6, and added a table of signal-preservation diagnostics. 

We have revised the manuscript as follows: 



Section 3.3.1:  

Before mid-century the separation between SSP2-4.5 and SSP5-8.5 is small and comparable 

across the raw ACCESS-CM2 and the post-processed outputs, reflecting internal variability 

rather than a post-processing-induced amplification of the forced response. The scenario-

dependent divergence emerges after about 2050 in all datasets. 

Section 3.3: 

To quantify preservation of the driving-model signal, the land-mean warming trend and the 

future-minus-historical change were compared for raw ACCESS-CM2, BHRR, and NEX-

GDDP-CMIP6. BHRR reproduces the ACCESS-CM2 warming trend to within roughly 5-10% 

across variables and scenarios, with the correction slightly conservative for Tas under high 

forcing, and preserves the scenario ordering and the spatial pattern of change, confirming that 

the equidistant CDF matching does not collapse or materially amplify the projected signal (Fig. 

S7). 

Fig. S7: 



 

Figure S7. Preservation of the ACCESS-CM2 warming signal by BHRR. Oceania land-only 

mean temperature anomaly for Tas, Tmax, and Tmin (top to bottom) under SSP2-4.5 (solid) 

and SSP5-8.5 (dashed), shown for the raw ACCESS-CM2 driving model (grey), BHRR (red), 

and NEX-GDDP-CMIP6 (blue). Each series is expressed as an anomaly relative to its own 

2015-2035 mean, which removes the fixed bias-correction offset so that only the warming 

signal is compared, and an 11-year centred running mean is applied. Within each scenario the 

three datasets track closely, and the scenario separation that emerges after about 2050 is 

reproduced by BHRR. BHRR reproduces the raw warming trend to within roughly 5-10% 

across variables and scenarios and is slightly conservative for Tas under SSP5-8.5, confirming 

that the equidistant CDF matching preserves the driving-model signal rather than collapsing or 



amplifying it. 

  



Comment 8 

Much of the Results section describes features shown in the figures while the broader 

implications are not developed. The authors should discuss how well the framework reproduces 

and preserves future scenario-dependent climate signals, and why BHRR differs from NEX-

GDDP-CMIP6 and the raw driving GCM (whether the differences arise from the restoration 

stage, the quantile-based correction, or other choices) 

Response 

The interpretation the referee requests is developed in the Discussion (Section 4), which is 

organized into four topics, and we have also added a signposting statement at the start of the 

Results section. The spatial-fidelity improvements in SSIM and PSNR are attributed to the 

Restormer restoration stage (Topic 1), the distributional improvements in RMSE, PBIAS, Q-Q 

agreement, and tail behaviour to the ViT quantile-map translation (Topic 2), the preservation 

of the scenario-dependent change signal to the equidistant CDF matching (Topic 3), and the 

differences in spatial variability relative to NEX-GDDP-CMIP6 are interpreted in Topic 4. 

Because BHRR reproduces the driving-model scenario signal (Comment 7), its added value is 

improved spatial fidelity and distributional alignment rather than a change in the projected 

climate signal, and the differences from NEX-GDDP-CMIP6 originate primarily in the 

restoration stage for spatial-structure metrics and in the quantile-based correction for 

distributional metrics. 

We have revised the manuscript as follows: 

Section 3 (interpretation added at each results subsection):  

“Throughout this section, differences between BHRR, NEX-GDDP-CMIP6, and the raw 

driving GCM are interpreted in the Discussion (Section 4), where spatial-structure differences 

in SSIM and PSNR are attributed primarily to the restoration stage and distributional 

differences in RMSE, PBIAS, and tail behaviour primarily to the quantile-based correction.” 

Section 4 Discussion, Topic 1 (spatial fidelity attributed to the Restormer restoration stage) 

“Consistent with this framing, linearly interpolated fields showed blurred land–ocean 

boundaries and weakened fine-scale structures, whereas Restormer restored sharper boundaries 

and improved spatial textures (Fig. 3), with higher SSIM and PSNR than linear interpolation.” 



Section 4 Discussion, Topic 2 (distributional alignment attributed to the ViT quantile-map 

translation) 

“For temperature, the ViT-based correction improved RMSE and PBIAS across Tmin, Tas, and 

Tmax, with PBIAS close to zero, and reduced regional errors in inland and south-central areas, 

indicating spatially varying corrections rather than a uniform adjustment.” 

Section 4 Discussion, Topic 3 (scenario-dependent signal preservation) 

“Based on these results, the equidistant CDF matching formulation in BHRR appears to 

preserve the scenario-dependent signal in a manner comparable to established signal-

preserving approaches.” 

Section 4 Discussion, Topic 4 (spatial-variability differences from NEX-GDDP-CMIP6) 

“Consistent with these findings, this study indicated amplified spatial variability in BHRR 

projections, particularly under SSP5-8.5 and in FF, with scenario dependence broadly 

comparable to NEX-GDDP-CMIP6.” 



Minor comments 

Comment 1 

The title uses “simultaneous”, but the method consists of two clearly separated, independently 

trained stages applied sequentially; “sequential” appears more accurate. 

Response 

We agree that the two stages are trained independently and applied in sequence. We have 

revised the title to describe the framework as sequential/two-stage rather than simultaneous. 

We have revised the manuscript as follows: 

Title (revised):  

BHRR v1.0: a two-stage Transformer framework for sequential spatial restoration and quantile-

function bias correction of climate model temperature fields 

  



Comment 2 

Table 2 (ViT hyperparameters) is introduced before Table 1 (evaluation metrics). Please 

renumber or reorder the tables according to their first appearance. 

Response 

Thank you; we have renumbered the tables so that their numbering follows first appearance in 

the text. The ViT-hyperparameter table, which is cited first, is now Table 1, and the evaluation-

metrics table follows as Table 2. 

  



Comment 3 

PSNR and SSIM are not defined before first use, and Section 3.1.2 introduces Q-Q plots 

without explanation; a brief description in Section 2.4 would improve readability. 

Response 

We now define peak signal-to-noise ratio (PSNR) and structural similarity index measure 

(SSIM) at first use in Section 2.4, and we have added a short description of the quantile-quantile 

(Q-Q) diagnostic to Section 2.4. 

We have revised the manuscript as follows: 

Section 2.4 (PSNR/SSIM defined at first use):  

“…against the reference dataset using the peak signal-to-noise ratio (PSNR), the structural 

similarity index measure (SSIM) (Wang et al., 2004), Root Mean Square Error (RMSE), and 

Percent Bias (PBIAS).” 

Section 2.4 (Q-Q diagnostic described):  

“Distribution agreement is additionally assessed with quantile-quantile (Q-Q) plots, which 

compare the sorted quantiles of the model and reference distributions. Points on the 1:1 line 

indicate identical distributions.” 

  



Comment 4 

No training diagnostics are presented. It would be helpful to include representative training and 

validation results for both stages to demonstrate reliable convergence and the absence of 

substantial overfitting. 

Response 

We note that the train/validation split (80%/20%, with validation days excluded from all weight 

updates) was already documented in Section 2.3.1 in our revision for Referee #1. We have now 

added the corresponding training diagnostics to the Supplement. For the Restormer stage, 

representative full-domain PSNR and SSIM convergence is shown for Tmax, increasing 

monotonically with epoch and converging well above the linear-interpolation baseline (SSIM 

from 0.75 to 0.81 and PSNR from 21.3 to 23.1 dB, versus baseline 0.74 and 19.7 dB). The final 

restoration performance for all three variables is reported in Fig. 3. For the ViT stage, the 

training and validation losses decrease together and the validation loss does not diverge from 

the training loss, indicating stable convergence without substantial overfitting. These curves 

are provided as new Supplement figures. 

We have revised the manuscript as follows: 

Supplement (Fig. S6, new):  

“Restormer full-domain PSNR/SSIM convergence shown for Tmax as a representative variable 

against the linear-interpolation baseline, and ViT training and validation loss curves for Tas, 

Tmax, and Tmin.” 



 

Figure S6. Training diagnostics. (Top) Restormer full-domain SSIM and PSNR versus epoch 

for Tmax, shown as a representative variable, compared with the linear-interpolation baseline 

(dashed). The metrics increase monotonically and converge above the baseline. (Bottom) ViT 

training and validation loss curves for Tas, Tmax, and Tmin. The validation loss tracks the 

training loss without diverging, indicating stable convergence without substantial overfitting. 

The final restoration performance for all three variables is summarized in Fig. 3. 

 

  



Comment 5 

There is a stray bold period at the end of Section 3.2. 

Response 

Corrected; the stray period at the end of Section 3.2 has been removed. 

  



Comment 6 

The middle-row B panel in Fig. 6 (TNn bias for BHRR) appears unusual, with 

checkerboard/striping patterns, land-ocean discontinuities, and broad ocean biases. Could the 

authors explain the origin and verify it is not an artifact of tiling, masking, or regridding? Also, 

please summarize the principal conclusion of Fig. 6. 

Response 

We examined this carefully and can confirm the pattern is not a tiling, masking, or regridding 

artifact. TNn is the annual minimum of daily minimum temperature, i.e., effectively the single 

coldest day at each grid cell over the record; its bias is the difference of two independent 

extreme (minimum) estimators and is therefore intrinsically far noisier than a mean field. 

Diagnostically, the mean Tmin bias of the same BHRR output is smooth (spatial standard 

deviation ≈ 0.5 K) with no checkerboard, whereas the TNn bias has a spatial standard deviation 

of order 4–5 K; if the granularity were a tiling/preprocessing artifact it would also appear in 

the mean field, which it does not. The apparent structure does not align with the 64-pixel tile 

or 48-pixel stride of the sliding-tile inference, it is already present in the Restormer-only TNn 

bias before the ViT stage (spatial correlation ≈ 0.67 with the BHRR TNn bias, so the ViT does 

not introduce it), and the land-ocean discontinuity arises because NEX-GDDP-CMIP6 is a 

land-only product with a different land-sea mask. We now state this explicitly and, to reduce 

the visual noise of this single extreme index, present TNn as a multi-year statistic in the revised 

figure. We also added the principal conclusion of Fig. 6: BHRR provides a broadly consistent 

improvement over NEX-GDDP-CMIP6 for the warm-related indices (SU, TR, TXx) and 

comparable skill for the cold-related indices, with the largest gains for the warm extremes. 

We have revised the manuscript as follows: 

Section 3.2:  

“The granular appearance of the TNn bias reflects the sampling variability intrinsic to an 

annual-minimum extreme statistic rather than a tiling or preprocessing artifact. The 

corresponding mean Tmin bias of the same output is spatially smooth, the pattern does not 

align with the inference tiles, and it is already present before the bias-correction stage. Overall, 

BHRR provides a broadly consistent improvement over NEX-GDDP-CMIP6 across the 

ETCCDI indices, with the largest gains for warm-related extremes.” 

  



Comment 7 

The discussion of Figs. 7 and 8 is largely descriptive. What do these results imply about the 

performance and added value of the framework (signal preservation, improvement over NEX-

GDDP-CMIP6, amplification)? Similar clarification is needed for Sections 3.3.2 and 3.3.3. 

Response 

We have added interpretive statements. Figures 7 and 8 now make explicit that BHRR 

preserves the driving GCM's climate-change signal (quantified in Comment M7), that its 

differences from NEX-GDDP-CMIP6 reflect the finer restored spatial structure and the 

distribution-aware correction rather than a different projected signal, and that no material 

amplification of the forced response is introduced. Analogous interpretive text has been added 

to Sections 3.3.2 and 3.3.3 for the extreme-index and Sen's-slope results. 

We have revised the manuscript as follows: 

Sections 3.3.1–3.3.3 (interpretation added):  

“These results indicate that BHRR preserves the scenario-dependent warming signal of the 

driving GCM while improving spatial detail and distributional fidelity relative to NEX-GDDP-

CMIP6; the inter-product differences arise from the restoration and quantile-correction stages 

rather than from a modification of the forced climate-change signal.” 

  



Comment 8 

Figure 12 appears to repeat much of Fig. 7, the main addition being the ±1σ spatial-standard-

deviation envelope. Please clarify its distinct purpose and state that the envelope represents 

spatial heterogeneity among grid cells rather than uncertainty in the projected domain mean. 

Response 

We have clarified the distinct purpose of Fig. 12. Whereas Fig. 7 shows the domain-mean 

temporal evolution, Fig. 12 additionally characterizes the spatial heterogeneity of the projected 

change through the ±1σ envelope, which quantifies the spread among grid cells within the 

domain at each time. We now state explicitly that this envelope represents spatial heterogeneity 

across grid cells, not uncertainty in the projected domain mean, and we highlight that the 

envelope's evolution (its scenario- and period-dependent widening) is the additional 

information Fig. 12 conveys relative to Fig. 7. 

We have revised the manuscript as follows: 

Section 3.4 / Fig. 12 caption (clarified):  

“The shaded band denotes the standard deviation across land grid cells at each time and 

represents spatial heterogeneity of the projected change among grid cells, not uncertainty in 

the projected domain mean; Fig. 12 thus complements Fig. 7 by showing how this spatial 

heterogeneity evolves by scenario and period.” 

We thank the referee again for the constructive and detailed comments, which have 

substantially strengthened the methodological clarity, the evaluation of signal preservation, and 

the discussion of generalizability. We hope the revised manuscript addresses all concerns. 
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Abstract 14 

Bias correction of climate model temperature fields in the image domain is difficult because 15 

general circulation model (GCM) outputs and observation-based references occupy different 16 

statistical distributions at each grid cell, so pixel-wise regression can recover spatial structure 17 

while leaving distributional biases intact. This study presents a two-stage Transformer 18 

framework, bias-corrected high-resolution restoration (BHRR), that addresses this problem by 19 

decoupling spatial restoration from distribution-aware bias correction. The framework is 20 

evaluated on daily near-surface temperature fields over a fixed 200× 280 grid-point (latitude 21 

× longitude at 0.25° resolution) Oceania domain by sequentially coupling spatial restoration 22 

and distribution-aware bias correction. In the first stage, a Restormer model restores high-23 

resolution spatial structure from linearly interpolated model fields. In the second stage, a Vision 24 

Transformer predicts a reference-based quantile map that is used as an explicit transfer function 25 

for equidistant cumulative distribution function (CDF) matching in future projections. Across 26 

daily minimum, mean, and maximum near-surface air temperature, the restoration stage 27 

improves spatial fidelity, increasing median structural similarity to 0.876-0.908 and median 28 

peak signal-to-noise ratio to 26.6-28.1 dB. The bias-correction stage further reduces systematic 29 

error, yielding near-zero median percent bias (< 0.1%) and lowering median root mean square 30 
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error (mean temperature by approximately 0.5 K and maximum temperature from 4.4 K to 3.7 31 

K). To verify that the framework preserves climate-change signals rather than collapsing future 32 

projections toward historical climatology, future projections under SSP2-4.5 and SSP5-8.5 are 33 

examined using ETCCDI extreme indices and Sen’s slope. The results confirm scenario-34 

dependent differences in extreme-temperature diagnostics, and spatial-variability analysis 35 

shows patterns consistent with a standard downscaled benchmark, supporting the use of the 36 

BHRR v1.0 framework as a technical post-processing tool for distribution-aware bias 37 

correction of gridded climate fields. 38 

Keywords:  image-based bias correction, quantile-function learning, Transformer, high-39 

resolution restoration, climate model post-processing 40 

  41 
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1. Introduction 42 

Reliable high-resolution, bias-corrected daily temperature fields are increasingly required for 43 

a wide range of downstream engineering and environmental applications. For example, urban 44 

heat-stress assessment relies on spatially resolved daily maximum temperature to identify heat-45 

island hot spots and to inform adaptation measures, particularly as regional heatwaves have 46 

shown significant increases in frequency and duration worldwide (Perkins-Kirkpatrick and 47 

Lewis, 2020). Building energy-demand models require location-specific heating and cooling 48 

degree-day series derived from daily mean temperature, and uncertainties in climate 49 

projections propagate directly into energy-demand trend estimates (Deroubaix et al., 2021). 50 

Hydrologic and wildfire risk analyses also depend on accurate representations of temperature 51 

extremes, because warming-driven reductions in fuel moisture substantially increase fire 52 

potential in projected future climates (Gergel et al., 2017). Climate-resilient infrastructure 53 

planning similarly demands high-resolution temperature projections that faithfully capture both 54 

the mean climate signal and its distributional tails, as engineering design standards are 55 

increasingly required to account for non-stationary climate conditions (Buhl and Markolf, 56 

2023). In all these applications, the term “bias” refers to the systematic difference between a 57 

climate model’s simulated temperature field and an observation-based reference dataset; 58 

removing this bias is essential before model outputs can be used as engineering design inputs. 59 

Global climate projections produced by the Coupled Model Intercomparison Project (CMIP) 60 

general circulation models (GCMs) provide the primary scientific basis for mitigation and 61 

adaptation planning and remain a key tool for exploring future climate change (Song et al., 62 

2024; Birkmann et al., 2022). However, practical regional assessments often demand fine-scale 63 

climate information, while limitations in spatial resolution and data quality hinder the direct 64 

use of raw GCM outputs (Themeßl et al., 2012; Song and Chung, 2025). In particular, most 65 

CMIP6-class GCMs are not run at 0.25°. Global simulations at or near 0.25° remain restricted 66 

to a few HighResMIP-type experiments with limited periods, ensemble sizes, and scenarios at 67 

very high computational cost (Haarsma et al., 2016). Statistical post-processing of standard-68 

resolution CMIP6 simulations therefore remains the principal route to the 0.25°-scale 69 

information required by impact and engineering applications. Consequently, a broad set of 70 

statistical and empirical post-processing approaches has been developed to enhance the 71 

accuracy and utility of climate information for applications (Cannon et al., 2015; Giorgi et al., 72 

2009; Song et al., 2022; Gudmundsson et al., 2012). 73 
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In operational practice, downscaling and bias correction are distinct post-processing operations 74 

with different objectives. Downscaling enhances spatial resolution and recovers regional detail, 75 

whereas bias correction reduces systematic discrepancies relative to an observation-based 76 

reference. Either may be applied independently depending on the application, and many impact 77 

and engineering applications require both a higher effective resolution and a corrected 78 

distribution. This motivates a framework that can provide both properties within a single 79 

workflow, rather than implying that the two operations are necessarily applied together. 80 

Despite continuous advances, many workflows still implement downscaling and bias 81 

correction as separate stages, which increases repeated calibration across variables, regions, 82 

and time periods and raises computational and operational costs for large ensembles and long 83 

simulation periods (Kendon et al., 2010; Vogel et al., 2023). This separation becomes a 84 

practical bottleneck when the same processing must be applied repeatedly to multiple scenarios 85 

and long time horizons. 86 

Downscaling is commonly categorized into dynamic and statistical approaches. Dynamic 87 

downscaling drives a regional climate model using large-scale GCM fields as boundary 88 

conditions and can capture regional processes more explicitly, but its computational cost often 89 

limits applications over long periods and large domains (Liang et al., 2008). Statistical 90 

downscaling is computationally efficient, yet it may struggle to fully represent complex 91 

nonlinear processes and rare extremes that are critical for risk-oriented engineering analyses 92 

(Baño-Medina et al., 2022; Sachindra et al., 2018; Song and Chung, 2025). These limitations 93 

have motivated growing interest in deep-learning-based approaches, which can learn nonlinear 94 

mappings and enable rapid inference once trained (LeCun et al., 2015; Sun et al., 2024). In 95 

particular, Transformer-family architectures are promising for gridded climate applications 96 

because self-attention can capture long-range dependencies and multi-scale spatial patterns 97 

(Islam et al., 2023; Curran et al., 2024). Restormer has shown strong performance for high-98 

resolution image restoration (Zamir et al., 2021; Chen et al., 2024), and Vision Transformer 99 

(ViT) models integrate global context via self-attention and have recently been reported to 100 

improve Transformer-based downscaling and bias-correction of weather and climate data 101 

(Dosovitskiy et al., 2021; Curran et al., 2024). 102 

Even when spatial resolution is enhanced, residual mismatches with reference datasets often 103 

remain, motivating explicit bias correction. Among many approaches, quantile mapping (QM) 104 

is one of the most widely used distribution-based techniques because it corrects the full 105 
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distribution rather than only mean error (Gudmundsson et al., 2012). However, practical 106 

integration should go beyond producing corrected high-resolution fields in a single forward 107 

pass; it should also preserve distributional behavior that directly affects extremes and climate 108 

indices used in impact assessment. A fundamental difficulty arises when bias correction is cast 109 

as an image-to-image learning task: because GCM and observation-based reference fields can 110 

occupy systematically different statistical distributions at every grid cell, a model that 111 

minimizes pixel-wise reconstruction error alone may recover spatial structure while leaving 112 

distributional biases largely intact. Deterministic end-to-end value regression therefore tends 113 

to regress toward the mean, underestimate extremes, and provide limited transparency in how 114 

tail biases are adjusted under climate non-stationarity (Rampal et al., 2025; Wang and Tian, 115 

2024). Therefore, an integrated workflow that explicitly represents and transfers distributional 116 

information can provide clearer interpretability and stronger control for climate-information 117 

production used in engineering decision pipelines. A mean or variance adjustment cannot 118 

correct biases that differ across the distribution, which is common for temperature, where the 119 

bias in the cold and warm tails can differ in sign and magnitude from the bias in the median. 120 

Because model biases can also evolve under external forcing, the correction should adjust 121 

distributional shape without overwriting the projected change. Equidistant and quantile-delta 122 

approaches (Li et al., 2010; Cannon et al., 2015) were developed precisely to preserve quantile-123 

specific changes while removing bias. 124 

In addition, uncertainty must be considered because both climate simulations and learning 125 

systems embed multiple uncertainty sources. GCM projections reflect uncertainty driven by 126 

greenhouse-gas scenarios, model structure and parameterizations, and initial and boundary 127 

conditions (Smith and Forster, 2021; Tokarska et al., 2020; Brunner et al., 2020; Ribes et al., 128 

2021). Deep learning models also involve aleatoric uncertainty from data noise and epistemic 129 

uncertainty from imperfect model structures and parameters (Kendall and Gal, 2017; 130 

Hüllermeier and Waegeman, 2020; Gawlikowski et al., 2022). In CMIP6-based studies, 131 

standard deviation (STDEV) is commonly used as an interpretable dispersion metric to 132 

characterize climate variability and projection spread (Tebaldi et al., 2021; Merrifield et al., 133 

2023), motivating the use of spatial STDEV as a transparent proxy to summarize dispersion-134 

related aspects of spatial variability across datasets and scenarios. 135 

To address these challenges, this study presents the technical development of a Transformer-136 

based bias-corrected high-resolution restoration framework, BHRR v1.0 (referred to hereafter 137 
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as BHRR), and evaluates it as a post-processing tool against established benchmarks. BHRR 138 

sequentially integrates (i) Restormer-based spatial restoration and (ii) ViT-based pixel-wise 139 

bias correction formulated in quantile-function space. The first stage restores high-resolution 140 

spatial structures from linearly interpolated GCM fields. Because the driving GCM operates 141 

on a much coarser native grid than the 0.25° reference, this restoration constitutes an effective 142 

resolution enhancement rather than a same-resolution mapping. The second stage does not 143 

directly regress corrected temperatures; instead, the ViT predicts a reference-based high-144 

resolution quantile map that functions as an explicit transfer object for equidistant cumulative 145 

distribution function (CDF) matching in future projections. This design separates spatial 146 

restoration from distributional correction, enabling modular calibration while preserving 147 

distributional control relevant to extremes. 148 

The framework is implemented over a fixed 200 × 280 Oceania domain, which offers strong 149 

spatial heterogeneity including land–ocean contrasts and diverse climate zones within a 150 

tractable computational domain. A single driving GCM and three near-surface temperature 151 

variables (Tas, Tmax, and Tmin) are used. Princeton Global Forcing version 3 (PGFv3) is 152 

adopted as the observation-based reference dataset, and NEX-GDDP-CMIP6 is used as the 153 

benchmark for a like-for-like comparison. Future projections are examined under SSP2-4.5 and 154 

SSP5-8.5. 155 

The novelty of BHRR lies in formulating bias correction as an explicit, learned quantile-map-156 

to-quantile-map translation that produces a spatially coherent transfer object, coupled with 157 

image-domain spatial restoration in a single workflow, rather than in the use of any particular 158 

network architecture. On this basis, the main contributions of this work can be summarized as 159 

follows. (1) A two-stage Transformer post-processing framework (BHRR v1.0) decouples 160 

Restormer-based spatial restoration from ViT-based distributional correction, addressing the 161 

inability of pixel-wise image regression to remove systematic distributional biases. (2) A 162 

quantile-function formulation, in which the ViT predicts a reference-based quantile map used 163 

as an explicit transfer function for equidistant CDF matching, allows the learned correction to 164 

be applied to future projections while preserving CDF-based ranks. (3) A like-for-like 165 

evaluation against NEX-GDDP-CMIP6 over Oceania for three temperature variables includes 166 

climate-change signal preservation under two SSP scenarios using ETCCDI indices, Sen's 167 

slope, and spatial STDEV. The remainder of this paper is organized as follows. Section 2 168 
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describes the datasets, the BHRR framework, and the evaluation protocol; Section 3 presents 169 

the results; Section 4 discusses implications and limitations; and Section 5 concludes the paper. 170 

 171 
2. Dataset and methods 172 

2.1 Study area 173 

The study area is the Oceania domain, centered on the Australian continent and including 174 

surrounding oceans and selected island regions (Fig. S1). Oceania provides a favorable setting 175 

for image-to-image climate-field processing because the continental landmass is relatively 176 

compact, allowing the computational domain to remain tractable at a fixed spatial resolution. 177 

In this study, the domain is represented on a regular 0.25°-resolution grid comprising 200× 178 

280 grid points (i.e., 200 latitude rows and 280 longitude columns), which facilitates patch-179 

based training and tiled inference while controlling GPU memory and runtime, yet still 180 

preserves key spatial structures such as coastlines, arid interiors, and tropical rainfall belts. 181 

Climatically, Oceania spans a pronounced latitudinal gradient from tropical conditions in the 182 

north, through subtropical and arid regimes across the interior, to temperate climates in the 183 

south yielding strong spatial heterogeneity in both temperature and seasonality (Hollins et al., 184 

2018; Peel et al., 2007; Sharmila and Hendon, 2020). The region is also strongly influenced by 185 

large-scale modes of variability, including the El Niño Southern Oscillation, Indian Ocean 186 

Dipole, the Australian monsoon, and the Southern Annular Mode, which induce pronounced 187 

interannual variability and spatially heterogeneous responses (Risbey et al., 2009). These 188 

characteristics allow diverse climate regimes to be evaluated within a single consistent domain, 189 

making Oceania an appropriate testbed for assessing the robustness of deep-learning-based 190 

workflows for high-resolution restoration and distribution-aware bias correction under 191 

historical and scenario conditions. 192 

 193 

2.2 Datasets 194 

Daily near-surface temperature variables (Tas, Tmax, and Tmin) were obtained from the 195 

ACCESS-CM2 CMIP6 simulations (Mackallah et al., 2022). The historical period (1980-2014) 196 

was used to train and evaluate the proposed framework, and future projections were analyzed 197 

over 2015–2100 under two SSPs (SSP2-4.5 and SSP5-8.5). SSP2-4.5 is an intermediate 198 

mitigation pathway reaching a radiative forcing of approximately 4.5 𝑊/𝑚2 by 2100, whereas 199 

SSP5-8.5 is a high-emission pathway reaching approximately 8.5 𝑊/𝑚2 by 2100 (Tebaldi et 200 

al., 2021). 201 
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Raw ACCESS-CM2 atmospheric fields are provided on the native N96 grid (approximately 202 

1.875° longitude × 1.25° latitude, 192 × 144 global grid cells; nominal resolution ≈250 km; 203 

Bi et al., 2020), which is substantially coarser than the 0.25° reference grid; over the Oceania 204 

domain the native grid contains only 44 × 39 cells, compared with 200 × 280 cells at 0.25°. 205 

To provide consistent spatial geometry across all datasets used in this study, raw ACCESS-206 

CM2 fields were regridded to 0.25° using linear interpolation and represented on the fixed 200 207 

× 280 Oceania domain employed throughout the paper. Linear interpolation places the coarse 208 

fields on the fine grid but cannot create fine-scale structure that the native grid never resolved. 209 

The interpolated inputs are therefore spatially blurred and retain only the coarse-scale 210 

information content of the native grid. The restoration stage subsequently recovers fine-scale 211 

structure consistent with the 0.25 °  reference, which constitutes an effective resolution 212 

enhancement from approximately 250 km to 25 km. To benchmark BHRR against a widely 213 

used statistically downscaled product, the corresponding ACCESS-CM2 outputs from the 214 

NASA NEX-GDDP-CMIP6 dataset were also used (Thrasher et al., 2022). NEX-GDDP-215 

CMIP6 was produced using the bias correction and spatial disaggregation (BCSD) procedure 216 

and is widely adopted in climate-impact and engineering-oriented applications. Using the same 217 

underlying GCM (ACCESS-CM2) for both the raw CMIP6 simulations (processed by BHRR) 218 

and the NEX-GDDP-CMIP6 product enables a transparent like-for-like comparison, in which 219 

differences can be attributed primarily to the post-processing methodology rather than to inter-220 

model structural variability. 221 

A single GCM was intentionally selected for two reasons. First, it isolates the effect of the 222 

proposed Transformer-based restoration and bias correction from confounding inter-model 223 

differences. Second, because Tas, Tmin, and Tmax share comparable physical units and 224 

broadly similar value ranges across CMIP-class simulations, evaluating multiple temperature 225 

variables within one GCM provides a direct test of whether BHRR consistently handles 226 

different aspects of the temperature distribution (including means and extremes), while 227 

maintaining interpretability in the benchmark comparison (You et al., 2021). 228 

As the reference dataset and training target, PGFv3 at 0.25° resolution was used for Tas, Tmax, 229 

and Tmin. PGFv3 is an observation-based global meteorological forcing dataset constructed 230 

by bias-correcting reanalysis fields against gridded station-based observational products 231 

(Sheffield et al., 2006). It is a global product rather than a regional assimilation dataset. It is 232 

also the reference dataset used in the NEX-GDDP-CMIP6 BCSD procedure and was therefore 233 
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adopted to ensure a consistent baseline climatology for both BHRR and the benchmark product. 234 

During training, BHRR learns the mapping from regridded ACCESS-CM2 fields to PGFv3 on 235 

the same 0.25° grid. During evaluation, both the BHRR-processed ACCESS-CM2 outputs and 236 

the NEX-GDDP-CMIP6 outputs are compared against PGFv3, enabling a clearer assessment 237 

of incremental improvements attributable to BHRR rather than to differences in reference 238 

climatology or grid definitions. 239 

 240 

2.3 Bias corrected high resolution restoration 241 

This study proposes BHRR, a two-stage Transformer workflow that performs resolution 242 

enhancement and distribution-aware bias correction within a single operational pipeline (Fig. 243 

1). First, daily GCM temperature fields are resampled to the fixed 200 × 280 domain using 244 

bilinear interpolation to construct the model inputs. Second, the Restormer module restores 245 

high-resolution spatial structure from the upscaled fields and produces daily temperature fields 246 

on the same grid as the reference dataset. Because the restoration stage is trained to recover the 247 

fine-scale structure removed by any smooth interpolation, the restored field is largely 248 

insensitive to the choice among smooth interpolators, and bilinear interpolation is adopted as 249 

the standard choice for intensive variables because, unlike bicubic or nearest-neighbour 250 

interpolation, it does not introduce overshoot or block artefacts that the network would 251 

subsequently have to remove. Third, the ViT module performs bias correction in quantile-252 

function space by translating the Restormer-derived high-resolution quantile map into a 253 

reference-based high-resolution quantile map. The predicted quantile map then acts as an 254 

explicit transfer function to correct future daily values via equidistant CDF matching (Eqs. 11-255 

12). In other words, instead of correcting each daily value directly, the method adjusts the 256 

statistical distribution of values at each grid cell and then transfers each future day to the value 257 

of equal rank in the corrected distribution. The formulation and the full procedure of this 258 

quantile-function-space correction are described in Section 2.3.2. By separating spatial 259 

restoration from distributional alignment while keeping both stages within one workflow, 260 

BHRR provides transparent control over distributional adjustments (including tail behavior) 261 

without sacrificing practical inference efficiency. 262 

 263 
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 264 

Fig. 1. Overall architecture and processing workflow of the BHRR framework for spatial 265 

restoration and bias correction of coarse-resolution GCM temperature fields 266 

 267 

2.3.1 Restormer-based spatial restoration 268 

The architecture of the restoration module is summarized in Fig. S2 in the Supplement. The 269 

restoration module follows the Restormer architecture (Zamir et al., 2021), treating daily 270 

gridded temperature fields as single-channel images. For each variable, the input field 𝑋 is the 271 

linearly regridded GCM output on the 200 ×  280 domain, and the target field 𝑌  is the 272 

corresponding reference-based temperature field on the same grid. To ensure stable 273 

optimization and consistent scaling across time, both input and target are standardized using 274 

the mean (𝜇) and standard deviation (𝜎) computed from the training period, as shown in Eq. 275 

(1): 276 

The reference dataset defines both the target high-resolution spatial structure and the target 277 

resolution. The framework therefore assumes a reference that is spatially richer than the coarse 278 

GCM input, and the output is produced on the reference grid. 279 

 280 

𝑋∗ =
𝑋−𝜇

𝜎
, 𝑌∗ =

𝑌−𝜇

𝜎
     (1) 281 

 282 

Given a normalized input 𝑋∗ ∈ ℝ1×200×280, Restormer estimates the normalized restored field  283 

𝑌̂∗, as shown in Eq. (2). 284 

 285 

𝑌̂∗ = 𝑓𝜃(𝑋∗)          (2) 286 

 287 
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where 𝑓𝜃(∙) denotes the Restormer network with trainable parameters θ. The restored output is 288 

then converted back to physical units (Kelvin) using the inverse transformation of Eq. (1), as 289 

shown in Eq. (3): 290 

 291 

𝑌̂ =  𝑌̂∗𝜎 +  𝜇       (3) 292 

 293 

For each variable, the 12,784 daily fields of 1980-2014 are randomly partitioned, with a fixed 294 

random seed, into a training set (80%) and a held-out validation set (20%, corresponding to 295 

2,557 days). The validation days are excluded from all weight updates and are used only for 296 

model selection. Training is performed using patch-based sampling to balance data diversity, 297 

GPU memory, and runtime. At each training iteration, a patch of size 𝑃 × 𝑃  (𝑃 = 64) is 298 

extracted from the full 𝐻 × 𝑊 domain (𝐻 = 200, 𝑊 = 280) by uniformly sampling the top-299 

left corner coordinates (𝑟, 𝑐) from the ranges 𝑟 ∈ {0, 1, … , 𝐻 − 𝑃} and 𝑐 ∈ {0, 1, … , 𝑊 − 𝑃}, 300 

yielding the sub-image 𝑋∗[𝑟: 𝑟 + 𝑃, 𝑐: 𝑐 + 𝑃]. This uniform random cropping ensures that all 301 

spatial locations, including boundary and corner regions, have equal probability of being 302 

sampled across training epochs, thereby promoting diverse spatial coverage. Specifically, 64× 303 

64 patches are extracted from the full 200 × 280 domain. During training, random patch 304 

cropping is applied, and standard image augmentations (horizontal/vertical flips and 305 

transposition) are used to improve generalization. For validation, a centered 64 × 64 patch is 306 

used by default. In addition, full-domain inference is executed at every epoch to provide 307 

consistent qualitative and quantitative diagnostics on the complete spatial field. The restoration 308 

objective minimizes the absolute error in normalized space using an L1 loss, as shown in Eq. 309 

(4): 310 

 311 

𝐿𝑟𝑒𝑠𝑡 = ‖𝑌̂∗ − 𝑌∗‖
1
      (4) 312 

 313 

Where, 𝐿𝑟𝑒𝑠𝑡 denotes the restoration loss. 𝑌̂∗ denotes the standardized Restormer prediction. 314 

𝑌∗ denotes the standardized target field. ‖∙‖1 denotes the sum of absolute differences over the 315 

spatial domain. To generate full-domain predictions consistent with the training patch size, 316 

Restormer inference uses sliding-tile prediction with overlap. After partitioning 𝑋∗ into 64 × 317 

64 tiles, an overlap of 16 pixels (stride = 48) is applied. Overlapping predictions are then 318 

aggregated by weighted averaging, as shown in Eq. (5): 319 
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 320 

𝑌̂∗(𝑖, 𝑗) =
∑ 𝑌̂𝑘

∗(𝑖,𝑗)𝐾
𝑘=1

∑ 𝑤𝑘(𝑖,𝑗)𝐾
𝑘=1

, 𝑤𝑘(𝑖, 𝑗) ∈ {0,1}     (5) 321 

 322 

Here, 𝑌̂𝑘
∗ denotes the prediction from the k-th tile, and 𝑤𝑘(𝑖, 𝑗) indicates whether pixel (𝑖, 𝑗) is 323 

covered by the k-th tile. Model performance is monitored in physical space (Kelvin). PSNR is 324 

computed using the target data range as the data range, and SSIM is computed after normalizing 325 

both prediction and target to [0, 1] based on the target [𝑚𝑖𝑛, 𝑚𝑎𝑥] interval. For interpretability 326 

during training, baseline PSNR/SSIM values are also computed by directly comparing the 327 

upscaled input against the target, enabling epoch-wise tracking of the incremental gain from 328 

restoration. 329 

Training is performed for up to 150 epochs using AdamW (learning rate: 1 × 10−4; weight 330 

decay: 0) with gradient clipping (‖∇‖ ≤ 1.0). At each epoch, predictions are evaluated on both 331 

the validation patch and the tiled full-domain output, and the checkpoint achieving the 332 

minimum validation loss is selected for final inference over all time steps. All Restormer 333 

experiments are conducted on an NVIDIA A100 GPU, and end-to-end training requires 334 

approximately 48 h. After one-time model loading, inference takes approximately 1 s per 200 335 

× 280 field and about 0.5 s per field in sustained batched processing. Performance statistics in 336 

Section 3.1 are reported over the full historical period. Supplement Table S1 confirms that the 337 

corresponding metrics computed only on the held-out validation days are statistically 338 

indistinguishable, indicating that the reported performance does not rest on memorization of 339 

training samples. 340 

 341 

2.3.2 ViT-based quantile-map translation and equidistant CDF matching 342 

The bias-correction stage is formulated as a mapping between quantile maps rather than a direct 343 

regression of instantaneous corrected temperatures. Critically, the quantile maps used as input 344 

to this stage are not internal parameters of the Restormer; instead, they are computed post-hoc 345 

from the complete time series of Restormer-restored daily fields produced during Stage 1. 346 

Specifically, after the Restormer has been trained and applied to every historical day, the 347 

resulting daily restored values at each grid cell are collected over the full historical period and 348 

the resulting daily restored values at each grid cell are collected over the full historical period 349 

and the empirical quantile function is computed at a discrete set of probability levels (Fig. 2a). 350 

This post-hoc construction yields the Restormer-derived quantile map that serves as input to 351 
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the ViT. Let𝑄𝑅 denote the high-resolution quantile map computed from the Restormer-restored 352 

historical series at each grid cell, and let 𝑄𝑟𝑒𝑓 denote the corresponding reference-based high-353 

resolution quantile map. Each quantile map is therefore a three-dimensional array of size T × 354 

H × W, in which each grid cell stores its quantile function evaluated at the probability levels 355 

𝜏 ∈ {0.01, ⋯ , 0.99} and the probability level acts as the channel dimension (Fig. 2a). The ViT 356 

is trained to transform 𝑄𝑅 into 𝑄𝑟𝑒𝑓, and the predicted quantile map 𝑄̂𝑟𝑒𝑓 is then used as an 357 

explicit distributional transfer object for correcting future values while preserving CDF-based 358 

ranks. This design improves interpretability because the learned operator is directly tied to 359 

distributional differences (including tails) and separates “learning the historical distribution 360 

mapping” from “applying the correction to future values.”. The ViT architecture (Fig. 2b) 361 

consists of patch embedding, Transformer encoder blocks, and an image reconstruction head. 362 

The input quantile map is partitioned into N non-overlapping 𝑃 × 𝑃 patches 𝑥𝑝, and positional 363 

embeddings 𝐸𝑝𝑜𝑠 are added to form the token sequence, as shown in Eq. (6): 364 

 365 

𝑧0 = [𝑥𝑝
1𝐸; 𝑥𝑝

2𝐸; ⋯ ; 𝑥𝑝
𝑁𝐸] + 𝐸𝑝𝑜𝑠     (6) 366 

 367 

Here, 𝐸 denotes the patch-embedding matrix. The token sequence is propagated through 𝐿 368 

encoder blocks, each comprising multi-head self-attention (MSA) and a feed-forward 369 

multilayer perceptron (MLP). Layer normalization (LN) and residual connections are applied 370 

in a pre-norm configuration, as shown in Eqs. (7)-(8): 371 

 372 

𝑧𝑙
′ = 𝑀𝑆𝐴(𝐿𝑁(𝑧𝑙−1)) + 𝑧𝑙−1    (7) 373 

𝑧𝑙 = 𝑀𝑆𝐴(𝐿𝑁(𝑧𝑙
′)) + 𝑧𝑙

′       (8) 374 

 375 

After the encoder, the final representation is projected by an MLP head and rearranged back 376 

into the two-dimensional grid, as shown in Eqs. (9)-(10): 377 

 378 

𝑍𝑜𝑢𝑡 = 𝐿𝑖𝑛𝑒𝑎𝑟(𝐷𝑟𝑜𝑝𝑜𝑢𝑡(𝐺𝐸𝐿𝑈(𝐿𝑖𝑛𝑒𝑎𝑟(𝑧𝑙))))  (9) 379 

𝑄̂𝑟𝑒𝑓 = 𝑅𝑒𝑎𝑟𝑟𝑎𝑛𝑔𝑒(𝑍𝑜𝑢𝑡 )      (10) 380 

 381 
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To mitigate boundary discontinuities introduced by patch-based processing, a convolutional 382 

smoothing layer is applied at the output. Quantile maps are normalized to a predefined physical 383 

range [𝑉𝑚𝑖𝑛, 𝑉𝑚𝑎𝑥]used consistently during training and inference, and a sigmoid activation is 384 

applied to constrain the normalized prediction to (0, 1) before denormalization. 385 

The predicted quantile map is then used to correct future daily values using equidistant CDF 386 

matching. Let 𝑋𝑅
𝑓𝑢𝑡(𝑡) denote the Restormer-restored future value at time t. The correction 387 

preserves the CDF-based rank under the historical Restormer distribution 𝐹𝑄𝑅
(∙) and retrieves 388 

the value at the same rank from the predicted reference distribution 𝐹𝑄̂𝑟𝑒𝑓

−1 (∙), as shown in Eq. 389 

(11): 390 

 391 

𝑋𝑐𝑜𝑟𝑟
𝑓𝑢𝑡 (𝑡) = 𝐹𝑄̂𝑟𝑒𝑓

−1 (𝐹𝑄𝑅
(𝑋𝑅

𝑓𝑢𝑡(𝑡)))        (11) 392 

Because quantiles are available only on discrete probability levels, the transfer is implemented 393 

via linear interpolation between adjacent quantiles, as shown in Eq. (12): 394 

 395 

𝑋𝑐𝑜𝑟𝑟
𝑓𝑢𝑡 (𝑡)  ≈ 𝐼𝑛𝑡𝑒𝑟𝑝 (𝑄𝑅, 𝑄̂𝑟𝑒𝑓,𝑋𝑅

𝑓𝑢𝑡(𝑡))    (12) 396 

 397 

Operationally, the corrected daily field is produced by (i) one ViT forward pass to obtain 𝑄̂𝑟𝑒𝑓 398 

and (ii) a rank-preserving CDF lookup and interpolation applied pixel-wise for each future time 399 

step. Table 1 summarizes the ViT hyperparameters used in this study (input resolution 200 × 400 

280; patch size 8 × 8; embedding dimension 512; encoder depth 12; heads 8; MLP ratio 4.0; 401 

dropout 0.1; sigmoid output activation). Under this configuration, the ViT contains 402 

approximately 38.48M trainable parameters. All ViT experiments are conducted on an 403 

NVIDIA A100 GPU, and end-to-end training requires approximately 24 h. Bias-correction 404 

inference comprises a single ViT forward pass and a pixel-wise CDF lookup, which together 405 

take approximately 0.2 s per daily field. 406 

 407 
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 408 

Fig. 2. (a) Construction of the quantile map from the per-cell daily time series and (b) overview 409 

of the ViT network architecture for bias correction 410 

 411 

Table 1. Hyperparameter settings of the ViT  412 

Hyperparameter Value Description 

Input Resolution 200×280 
Resolution of quantile maps (Restormer-output HR 

and reference-based HR) 

Patch Size 8×8 Size of non-overlapping patches 

Embedding Dimension 512 Hidden dimension size of transformer 

Encoder Depth 12 Number of transformer encoder blocks 

Number of Heads 8 Number of heads in Multi-Head Self-Attention 

MLP Ratio 4.0 Ratio of MLP hidden dim to embedding dim 

Dropout Rate 0.1 Probability of element zeroing for regularization 

Output Activation Sigmoid Constraint for normalized range [0, 1] 

 413 

2.4 Evaluation metrics 414 
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This study evaluated high-resolution temperature fields produced by the Transformer-based 415 

BHRR model and the NASA NEX-GDDP-CMIP6 against the reference dataset using the peak 416 

signal-to-noise ratio (PSNR), the structural similarity index measure (SSIM) (Wang et al., 417 

2004), Root Mean Square Error (RMSE), and Percent Bias (PBIAS). Table 2 presents the 418 

equations and a brief description of these evaluation metrics. The selected metrics quantify 419 

complementary aspects of performance, including overall magnitude error (RMSE), spatial-420 

structural fidelity (PSNR and SSIM), and systematic bias (PBIAS) Distribution agreement is 421 

additionally assessed with quantile-quantile (Q-Q) plots, which compare the sorted quantiles 422 

of the model and reference distributions. Points on the 1:1 line indicate identical distributions. 423 

thereby providing a comprehensive assessment of the reliability of the proposed framework. 424 

 425 

Table 2. Evaluation metrics for assessing the BHRR and NEX-GDDP-CMIP6  426 

Metrics Equations Factors 

PSNR = 10𝑙𝑜𝑔10(
𝑀𝐴𝑋𝑋

2

1
𝑛

∑ (𝑋𝑖
𝑠𝑖𝑚 − 𝑋𝑖

𝑟𝑒𝑓
)2𝑛

𝑖=1

) 

𝑋𝑖
𝑟𝑒𝑓

: reference data 

𝑋𝑖
𝑠𝑖𝑚: simulated/downscaled 

high-resolution temperature 

𝑛: number of space–time samples 

PBIAS =
∑ (𝑋𝑖

𝑟𝑒𝑓
− 𝑋𝑖

𝑠𝑖𝑚)𝑛
𝑖=1

∑ 𝑋𝑖
𝑟𝑒𝑓𝑛

𝑖=1

× 100 

RMSE = √
1

𝑛
∑(𝑋𝑖

𝑠𝑖𝑚 − 𝑋𝑖
𝑟𝑒𝑓

)2

𝑛

𝑖=1

 

SSIM =
(2𝜇𝑟𝑒

𝜇𝑠𝑖𝑚 + 𝐶1)(2𝜎𝑟𝑒𝑓,𝑠𝑖𝑚 + 𝐶2)

(𝜇𝑟𝑒𝑓
2 + 𝜇𝑠𝑖𝑚

2 + 𝐶1) + (𝜎𝑟𝑒𝑓
2 + 𝜎𝑠𝑖𝑚

2 + 𝐶2)
 

𝜇𝑟𝑒𝑓: mean of reference field 

𝑋𝑟𝑒𝑓 

𝜇𝑠𝑖𝑚: mean of simulated field 

𝑋𝑠𝑖𝑚 

𝜎𝑟𝑒𝑓
2 : variance of 𝑋𝑟𝑒𝑓 

𝜎𝑠𝑖𝑚
2 : variance of 𝑋𝑠𝑖𝑚 

𝜎𝑟𝑒𝑓,𝑠𝑖𝑚: covariance between 

𝑋𝑟𝑒𝑓and 𝑋𝑠𝑖𝑚 

𝐶1, 𝐶2: small positive constants to 

stabilize the division (typically 

related to data dynamic range) 
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 427 

2.5 Expert team on climate change detection and indices 428 

The changes in the frequency and intensity of temperature extremes are quantified using 429 

standardized indices recommended by the ETCCDI. Because ETCCDI indices are derived 430 

from daily temperature series using consistent definitions, they provide a transparent basis for 431 

like-for-like comparisons between BHRR outputs and the benchmark product. 432 

Five temperature-based indices widely used in impact-oriented analyses are considered: 433 

Summer Days (SU), Tropical Nights (TR), Frost Days (FD), the annual maximum of daily 434 

maximum temperature (TXx), and the annual minimum of daily minimum temperature (TNn). 435 

The indices are computed annually at each grid cell from daily temperatures, as shown in Eqs. 436 

(13)-(17): 437 

 438 

𝑆𝑈𝑦 = ∑ 1(𝑇𝑋𝑑,𝑦 > 298.15)𝑑         (13) 439 

𝑇𝑅𝑦 = ∑ 1(𝑇𝑁𝑑,𝑦 > 293.15)𝑑         (14) 440 

𝐹𝐷𝑦 = ∑ 1(𝑇𝑁𝑑,𝑦 < 273.15)𝑑           (15) 441 

𝑇𝑋𝑥𝑦 = max (𝑇𝑋𝑑,𝑦)          (16) 442 

𝑇𝑁𝑛𝑦 = min (𝑇𝑁𝑑,𝑦)         (17) 443 

 444 

Here, 𝑦 denotes the year and 𝑑 denotes the day within year 𝑦. 𝑇𝑋𝑑,𝑦 and 𝑇𝑁𝑑,𝑦 represent the 445 

daily maximum and daily minimum near-surface air temperature, respectively. SU, TR, and 446 

FD are frequency-based indices (counts of days exceeding fixed thresholds), whereas TXx and 447 

TNn are intensity-based indices (annual extrema). All indices are calculated from daily fields 448 

and reported on an annual basis for each grid cell to support consistent spatial comparisons 449 

across datasets and scenarios. 450 

 451 

2.6 Sen’s slope 452 

Monotonic trends are quantified using Sen’s slope, a robust nonparametric estimator defined 453 

as the median of pairwise slopes. Sen’s slope is computed at each grid cell for BHRR and the 454 

benchmark product under SSP2-4.5 and SSP5-8.5, and spatial patterns are compared for the 455 

near-future period, NF (2031-2065), and the far-future period, FF (2066-2100). Differences in 456 

trend magnitude between products are summarized using an inter-product difference field 457 
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defined as (BHRR − NEX-GDDP-CMIP6). Sen’s slope is estimated as the median of all 458 

pairwise slopes between years, as shown in Eq. (18): 459 

 460 

𝛽 = 𝑚𝑒𝑑𝑖𝑎𝑛𝑖<𝑗(
𝐼(𝑡𝑗)− 𝐼(𝑡𝑖)

𝑡𝑗−𝑡𝑖
)      (18) 461 

 462 

Here, 𝛽 denotes the Sen’s slope at a given grid cell, 𝐼(𝑡𝑗) denotes the annual value of the 463 

selected ETCCDI index (or annual temperature metric) in year 𝑡, and 𝑡𝑖  and 𝑡𝑗  denote two 464 

distinct years within the analysis period ((𝑖 < 𝑗). Slopes are reported on a per-decade basis to 465 

support consistent interpretation across NF and FF summaries.  466 

 467 

2.7 Uncertainty and spatial variability 468 

Because BHRR is derived from a single-GCM workflow, conventional multi-model ensemble 469 

spread is not directly available. Therefore, variability-based diagnostics are used to compare 470 

uncertainty-related characteristics between BHRR and the benchmark product. Spatial 471 

variability is quantified using the STDEV computed at each grid cell over the analysis period, 472 

and STDEV patterns are compared across products, SSPs, and future periods. STDEV is 473 

computed as shown in Eq. (19): 474 

 475 

𝜎 = √
1

𝑛−1
∑ (𝑋𝑘 − 𝑋̅)2𝑛

𝑘=1        (19) 476 

 477 

where 𝜎 denotes the standard deviation at a given grid cell over the analysis period, 𝑋𝑘 denotes 478 

the annual value of the temperature variable (Tmin, Tmax, or Tas) in year 𝑘, 𝑋̅ denotes the 479 

period mean of 𝑋𝑘 and 𝑛 denotes the number of years in the period. STDEV was computed for 480 

Tmin, Tmax, and Tas for both BHRR and NEX-GDDP-CMIP6 during the NF and FF periods 481 

under SSP2-4.5 and SSP5-8.5, and spatial distributions were analyzed. Furthermore, this study 482 

applied mean ±1𝜎 envelopes to regional time-series summaries to visualize variability around 483 

the mean and support interpretation of scenario-dependent differences. 484 

 485 

3. Result 486 

3.1 Performance of BHRR for historical period downscaling and bias correction 487 

3.1.1 Restormer-based resolution restoration 488 
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Throughout this section, differences between BHRR, NEX-GDDP-CMIP6, and the raw driving 489 

GCM are interpreted in the Discussion (Section 4), where spatial-structure differences in SSIM 490 

and PSNR are attributed primarily to the restoration stage and distributional differences in 491 

RMSE, PBIAS, and tail behaviour primarily to the quantile-based correction. This study 492 

compared the ACCESS-CM2 outputs obtained using linear interpolation and Restormer in 493 

terms of SSIM and PSNR over Oceania, as shown in Fig. 3. Overall, Restormer increased the 494 

median SSIM for Tmin, Tas, and Tmax to 0.876, 0.908, and 0.886, which are higher than those 495 

of the linearly interpolated GCM by 0.028, 0.022, and 0.031, respectively. The interquartile 496 

ranges were comparable to or narrower than those of the linearly interpolated GCM, indicating 497 

more consistent spatial performance. Restormer also improved median PSNR to 26.6, 28.1, 498 

and 27.3 dB for Tmin, Tas, and Tmax, which is approximately 1-3 dB higher than the linearly 499 

interpolated GCM, with the largest gains for Tmax. Although a few low outliers are present, 500 

the overall PSNR distribution of Restormer remains higher than that of linear interpolation. 501 

 502 

 503 

Fig. 3. Boxplot comparison of (a) SSIM and (b) PSNR between Restormer and raw GCM 504 

outputs for three temperature variables over Oceania during 1980-2014 (validation-only values 505 

are provided in Supplement Table S1) 506 

 507 

Fig. S3 presents representative examples that illustrate the qualitative impact of Restormer on 508 

spatial detail. Across all three variables, Restormer better resolves small island features and 509 

sharpens land-sea contrasts relative to linear interpolation. Improvements are particularly 510 

evident over island regions such as New Zealand and Papua New Guinea, and over the Tasman 511 

Sea where linearly interpolated fields deviate from the reference while Restormer produces 512 

patterns that are more consistent. Similar enhancements are also observed for coastal structures 513 
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and regional gradients, including along the southeastern coast of Australia for Tmin and in 514 

northern island regions for Tmax. 515 

 516 

3.1.2 ViT-based bias correction 517 

In this study, bias correction was performed by applying a ViT to GCM outputs whose spatial 518 

resolution had been enhanced using Restormer. Fig. 4 compares the BHRR-based GCM and 519 

the ACCESS-CM2 outputs from NEX-GDDP-CMIP6 using boxplots of RMSE and PBIAS. 520 

For RMSE, the median Tmin errors were similar for the ViT and NEX-GDDP-CMIP6 at 521 

approximately 3.5-4.0 K, but the ViT showed a lower and narrower interquartile range, 522 

indicating more stable performance across Australia. For Tas, the ViT median RMSE was 523 

about 0.5 K lower than that of NEX-GDDP-CMIP6, with a narrower interquartile range. For 524 

Tmax, the ViT also reduced the median RMSE to 3.7 K compared with 4.4 K for NEX-GDDP-525 

CMIP6, again with reduced spread. 526 

For PBIAS, the ViT medians were consistently closer to zero than those of NEX-GDDP-527 

CMIP6, indicating reduced systematic bias. The ViT showed near-neutral biases for all 528 

variables, including Tmin 0.08 ± 0.45%, Tas -0.02 ± 0.59%, and Tmax 0.07 ± 0.36%, while 529 

NEX-GDDP-CMIP6 exhibited positive biases for Tmin 0.23 ± 0.50%, Tas 0.38 ± 0.54%, and 530 

Tmax 0.17 ± 0.69%. The PBIAS difference was most pronounced for Tas at approximately 531 

0.40%, and the ViT generally showed narrower interquartile ranges and comparable or smaller 532 

standard deviations, indicating less dispersed bias. 533 

To make the incremental contribution of each stage traceable in a common metric space, Table 534 

S2 in the Supplement reports all four metrics (SSIM, PSNR, RMSE, and PBIAS) for the 535 

linearly interpolated input, the Restormer output, and the full BHRR output, together with 536 

NEX-GDDP-CMIP6, computed against the same PGFv3 reference over 1980–2014. The bias-537 

correction stage removes the remaining systematic bias and further improves SSIM while 538 

leaving RMSE essentially at the Restormer level, and the full chain attains lower median RMSE 539 

than NEX-GDDP-CMIP6 for all three variables. 540 

 541 
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 542 

Fig. 4. Comparison of RMSE (a) and PBIAS (b) for three temperature variables using boxplots 543 

over Oceania during 1980-2014 544 

 545 

Fig. S4 presents spatial RMSE patterns for Tmin, Tas, and Tmax over Oceania during 1980-546 

2014 and the corresponding difference field (ViT minus NEX-GDDP-CMIP6). For Tmin, both 547 

models showed larger errors over the central and south-central interior of Australia, while the 548 

ViT exhibits slightly reduced magnitudes, including reductions of about 1-2 K over the south-549 

central inland and along the eastern coastal regions. For Tmax, the ViT RMSE is generally 6-550 

7 K over central and southern inland areas, whereas NEX-GDDP-CMIP6 exceeds 7 K across 551 

much of the same region, with the largest ViT improvements over north-central Australia. The 552 

RMSE difference is predominantly negative over most inland areas, indicating overall higher 553 

fidelity for the ViT, while near land–sea boundaries the differences are smaller and more mixed. 554 

In some island regions such as Papua New Guinea and parts of northern Indonesia, NEX-555 

GDDP-CMIP6 performs slightly better, typically by less than 1-2 K. 556 

Fig. 5 presents Q-Q plots comparing the NEX-GDDP-CMIP6 and ViT-based bias-corrected 557 

outputs with the reference data for Tmin, Tas, and Tmax over Oceania during 1980-2014, based 558 

on approximately 4.6 × 108  scalar data points (12768×200×180) that were subsampled in 559 

batches of 1,000 for the computation of 𝑅2. 560 

For Tmin, the 𝑅2 of NEX-GDDP-CMIP6 was 0.714, which was lower than that of the ViT. In 561 

both models, the data were most densely concentrated in the 290-300K range, indicating 562 

relatively high predictive performance in this interval. The difference in variance between the 563 

two models was small. However, the ViT estimates were more tightly aligned with the 564 

reference data than those of NEX-GDDP-CMIP6. 565 
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For Tas, the 𝑅2 of the ViT was 0.788, which is 0.051 higher than the value obtained for NEX-566 

GDDP-CMIP6, and the ViT remained closer to the reference data across the entire Tas 567 

temperature range. Moreover, for points outside the densely populated 290-300K interval, the 568 

spread of the ViT estimates was narrower than that of NEX-GDDP-CMIP6, indicating that the 569 

ViT explains the variability in Tas more effectively. 570 

For Tmax, the performance gap between the two models was the largest among the three 571 

variables. NEX-GDDP-CMIP6 yielded an 𝑅2 of 0.650, the lowest of the three, with a broad 572 

spread above 290K that resulted in substantial variance. By contrast, the ViT achieved an 𝑅2 573 

of 0.726, which is 0.076 higher than that of NEX-GDDP-CMIP6. In particular, the 574 

overestimation and underestimation evident in NEX-GDDP-CMIP6 were substantially reduced 575 

in the ViT results, which lay closer to the reference data, demonstrating a clear advantage of 576 

the ViT for predicting extreme temperatures. 577 

 578 



23 

 

 579 

Fig. 5. Point-density scatter (𝑅2) of BHRR and NEX-GDDP-CMIP6 for three climate variables 580 

against the reference dataset over Oceania during 1980-2014 (x-axis: reference data, y-axis: 581 

model) 582 

 583 
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3.2 Historical evaluation of temperature extreme indices 584 

This study analyzed the spatial distribution of differences between NEX-GDDP-CMIP6 and 585 

BHRR relative to the reference data to evaluate how well each model reproduces temperature 586 

extreme indices during the historical period. Fig. 6 compares NEX-GDDP-CMIP6 and the 587 

BHRR-based GCM using frequency-based ETCCDI indices SU, TR, and FD and intensity-588 

based indices TXx and TNn. 589 

For SU, both models showed relatively small differences from the reference data, although 590 

NEX-GDDP-CMIP6 underestimated SU by about 5-10 days over eastern Australia. By contrast, 591 

BHRR remained within approximately ± 5 days over most regions, indicating more stable 592 

performance. For TR, the discrepancies were larger. NEX-GDDP-CMIP6 substantially 593 

underestimated TR by about 20-40 days over tropical northern Australia, and the difference 594 

increased to as much as 60 days in the hottest years, indicating an underestimation of warm 595 

nights. BHRR exhibited smaller departures from the reference across the same regions. For FD, 596 

both models generally remained within ± 5 days, but NEX-GDDP-CMIP6 underestimated FD 597 

by about 5-10 days over mountainous areas of southeastern Australia. 598 

For TXx, NEX-GDDP-CMIP6 underestimated extreme hot temperatures by 2-4 K across most 599 

of Australia, with differences reaching 2-4 K along the southern and eastern coasts during the 600 

hottest years and showing spatial discontinuities. In contrast, BHRR differed from the reference 601 

by approximately ± 1-2 K and produced spatially smoother patterns. For TNn, NEX-GDDP-602 

CMIP6 overestimated the coldest temperatures by 2-4 K over much of inland Australia, 603 

whereas BHRR showed smaller deviations, indicating improved representation of cold 604 

extremes. 605 

The granular appearance of the TNn bias reflects the sampling variability intrinsic to an annual-606 

minimum extreme statistic rather than a tiling or preprocessing artifact. The corresponding 607 

mean Tmin bias of the same output is spatially smooth, the pattern does not align with the 608 

inference tiles, and it is already present before the bias-correction stage. Overall, BHRR 609 

provides a broadly consistent improvement over NEX-GDDP-CMIP6 across the ETCCDI 610 

indices, with the largest gains for warm-related extremes. 611 
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 612 

Fig. 6. Biases in ETCCDI indices relative to the reference dataset for BHRR and NEX-GDDP-613 

CMIP6 over Oceania during 1980-2014 614 

 615 

3.3 Validation of climate-change signal preservation under SSP scenarios 616 

3.3.1 Scenario-dependent response of temperature variables  617 

A critical requirement for any bias-correction framework is that the correction does not collapse 618 

future projections toward historical climatology but instead preserves the climate-change signal 619 

from the driving GCM (Cannon et al., 2015; Maurer and Pierce, 2014). To verify this property, 620 

BHRR outputs were compared with NEX-GDDP-CMIP6 under two SSP scenarios. This study 621 

projected three future temperature variables over Oceania using BHRR and NEX-GDDP-622 

CMIP6 under SSP2-4.5 and SSP5-8.5. Fig.7 presents the temporal evolution of land-only air 623 

temperature for Tas, Tmax, and Tmin, comparing BHRR with NEX-GDDP-CMIP6 under the 624 

SSP scenarios. During 1980–2014, the reference dataset showed mean values of approximately 625 

296 K (Tas), 302 K (Tmax), and 290 K (Tmin) with low variability, whereas both models 626 

projected marked warming under both SSPs. After about 2050, SSP5-8.5 diverged sharply from 627 

SSP2-4.5.  628 
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For Tas, SSP2-4.5 remained near 299 K in both datasets, whereas SSP5-8.5 approached 303 K 629 

by 2100. The differences between BHRR and NEX-GDDP-CMIP6 were negligible before 630 

2050 but increased thereafter, reaching about 1 K by 2100. For Tmax, SSP5-8.5 increased to 631 

about 309 K by 2100 while SSP2-4.5 remained near 305 K, and BHRR became 1-2 K higher 632 

than NEX-GDDP-CMIP6 after about 2070. For Tmin, SSP5-8.5 increased to about 297 K by 633 

2100 and showed the largest warming relative to the historical baseline, consistent with 634 

amplified nighttime warming. Under SSP2-4.5, Tmin ranged from about 292 K to 294 K, and 635 

BHRR exceeded NEX-GDDP-CMIP6 by roughly 1 K after about 2070. Before mid-century 636 

the separation between SSP2-4.5 and SSP5-8.5 is small and comparable across the raw 637 

ACCESS-CM2 and the post-processed outputs, reflecting internal variability rather than a post-638 

processing-induced amplification of the forced response. The scenario-dependent divergence 639 

emerges after about 2050 in all datasets. 640 

To quantify preservation of the driving-model signal, the land-mean warming trend and the 641 

future-minus-historical change were compared for raw ACCESS-CM2, BHRR, and NEX-642 

GDDP-CMIP6. BHRR reproduces the ACCESS-CM2 warming trend to within roughly 5-10% 643 

across variables and scenarios, with the correction slightly conservative for Tas under high 644 

forcing, and preserves the scenario ordering and the spatial pattern of change, confirming that 645 

the equidistant CDF matching does not collapse or materially amplify the projected signal (Fig. 646 

S7). 647 

These results indicate that BHRR preserves the scenario-dependent warming signal of the 648 

driving GCM while improving spatial detail and distributional fidelity relative to NEX-GDDP-649 

CMIP6; the inter-product differences arise from the restoration and quantile-correction stages 650 

rather than from a modification of the forced climate-change signal. 651 

 652 



27 

 

 653 

Fig. 7. Projections of three climate variables for BHRR and NEX-GDDP-CMIP6 over Oceania 654 

land-mean under SSP2-4.5 and SSP5-8.5 during 1980-2100 655 

 656 

Fig. 8 compares spatial anomalies for Tmin, Tas, and Tmax in the NF and FF relative to 1980-657 

2014 under SSP2-4.5 and SSP5-8.5. For Tmin, BHRR exhibited largely uniform warming of 658 

about 2-4 K under SSP2-4.5 and 2-5 K under SSP5-8.5 in NF and increased further to 3-5 K 659 

and 4-7 K in FF, whereas NEX-GDDP-CMIP6 showed smaller anomalies of about 1-3 K in 660 

NF and 2-4 K in FF. For Tas, inter-model differences were largest under SSP5-8.5, with BHRR 661 

projecting stronger warming that extended into adjacent marine areas and reached about 5-7 K 662 

in NF and 6-8 K in FF, while NEX-GDDP-CMIP6 showed more moderate increases. For Tmax, 663 

BHRR produced a more heterogeneous pattern, including enhanced warming along the 664 

southeastern coast of about 5-7 K in NF and 7-9 K in FF, whereas NEX-GDDP-CMIP6 665 

exhibited a more spatially uniform pattern of about 2-4 K in NF and 4-6 K in FF. 666 
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 667 

Fig. 8. Spatial anomalies of future three climate variables relative to 1980-2014 for BHRR and 668 

NEX-GDDP-CMIP6 under SSP2-4.5 and SSP5-8.5 669 

 670 

3.3.2 Extreme-index response under future scenarios 671 

This study calculated ETCCDI temperature extreme indices over Oceania under SSP2-4.5 and 672 

SSP5-8.5 using the BHRR projections. Fig. 9 shows projected changes in FD, SU, TR, TNn, 673 

and TXx for NF and FF relative to 1980-2014. FD decreased broadly, approaching -80 days 674 
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over most areas, with smaller reductions in southern Australia and New Zealand. SU increased 675 

under both scenarios, exceeding 70 days in FF under SSP2-4.5 and increasing by more than 75 676 

days over most regions in FF under SSP5-8.5. TR also increased strongly, exceeding 70 days 677 

in NF under SSP2-4.5 and approaching about 80 days in FF, while SSP5-8.5 yielded an 678 

increase of about 80 days in FF, indicating intensified nighttime heat. TNn increased under all 679 

scenarios and exceeded 6 K over most areas in FF under SSP5-8.5, consistent with weakened 680 

cold extremes. TXx increased in both scenarios, with broader amplification under SSP5-8.5 681 

and values approaching about 6 K across Oceania in FF. 682 

 683 

 684 

Fig. 9. Projected changes in future ETCCDI indices relative to 1980-2014 from BHRR under 685 

SSP2-4.5 and SSP5-8.5 686 

 687 
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Table 3 summarizes regional-average changes in ETCCDI indices for NF and FF relative to 688 

the historical baseline and includes inter-model differences. Under SSP2-4.5, SU and TR 689 

increased by 4.95 and 38.76 days in NF and by 26.45 and 39.93 days in FF. Under SSP5-8.5, 690 

SU and TR increased by 17.50 and 50.82 days in NF and by 49.11 and 79.28 days in FF. BHRR 691 

produced larger SU and TR than NEX-GDDP-CMIP6 in both NF and FF, with FF differences 692 

of 2.12 days for SU and 15.41 days for TR. FD decreased in all periods, with the largest 693 

reduction occurring in FF under SSP5-8.5 at -12.68 days, and NEX-GDDP-CMIP6 produced 694 

slightly higher FD than BHRR by 0.68 days in NF and 0.49 days in FF. TXx increased by 3.55 695 

K in NF and 4.68 K in FF under SSP2-4.5 and by 4.44 K in NF and 7.21 K in FF under SSP5-696 

8.5, while TNn increased in all scenarios and reached its maximum change in FF under SSP5-697 

8.5 at 6.19 K. In FF, BHRR exceeded NEX-GDDP-CMIP6 by 3.33 K for TXx and 0.81 K for 698 

TNn. 699 

 700 

Table 3. Differences between the historical values and the projected changes of ETCCDI 701 

indices over Oceania under the SSP2-4.5 and SSP5-8.5 scenarios 702 

Index Historical 

period 

SSP2-4.5 SSP5-8.5 Difference (BHRR – 

NEX-GDDP-

CMIP6) 

Near Far Near Far Near Far 

SU 268.51 4.95 26.45 17.5 49.11 0.1 2.12 

TR 163.51 38.76 39.93 50.82 79.28 10.62 15.41 

FD 12.86 -11.74 -12.04 -12.11 -12.68 -0.68 -0.49 

TXx 313.85 3.55 4.68 4.44 7.21 3.01 3.33 

TNn 278.85 2.1 3.13 2.97 6.19 0.04 0.81 

 703 

3.3.3 Trend analysis using Sen’s slope for extreme indices 704 

This study applied Sen’s slope to compare long-term trends in ETCCDI indices from BHRR 705 

and NEX-GDDP-CMIP6 under SSP2-4.5 and SSP5-8.5. Fig. 10 shows spatial patterns for NF 706 

and FF for each model and their difference, and Table 4 summarizes changes in trend 707 

magnitude from NF to FF. 708 

For SU under SSP2-4.5, NF slopes were similar at 5.87 and 5.93 days per decade for BHRR 709 

and NEX-GDDP-CMIP6, respectively, and decreased in FF to 2.11 and 2.10 days per decade, 710 
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indicating strong deceleration. Under SSP5-8.5, NF slopes were higher at 6.58 and 6.38 days 711 

per decade and increased in FF to 8.28 and 7.87 days per decade, indicating strengthened trends. 712 

For TR, positive slopes were observed under both scenarios. Under SSP2-4.5, slopes decreased 713 

from 6.80 and 6.43 days per decade in NF to 1.12 and 0.97 days per decade in FF. Under SSP5-714 

8.5, slopes increased from 9.63 and 8.18 days per decade in NF to 13.69 and 12.00 days per 715 

decade in FF, with BHRR remaining consistently large. 716 

For FD, slopes were negative under both scenarios. Under SSP2-4.5, NF slopes were -0.25 and 717 

-0.12 days per decade and converged in FF to -0.03 days per decade for both models. Under 718 

SSP5-8.5, NF slopes were similar at -0.22 and -0.23 days per decade, whereas in FF BHRR 719 

remained negative at -0.06 days per decade and NEX-GDDP-CMIP6 became positive at 0.15 720 

days per decade, indicating a sign reversal. For TXx under SSP2-4.5, NF slopes were 0.35 and 721 

0.30 K per decade and decreased in FF to 0.18 and 0.26 K per decade. Under SSP5-8.5, NF 722 

slopes were similar at 0.55 and 0.56 K per decade, while FF slopes increased to 0.59 K per 723 

decade for BHRR and 0.93 K per decade for NEX-GDDP-CMIP6. For TNn under SSP2-4.5, 724 

NF slopes were 0.72 and 0.34 K per decade and decreased in FF to 0.23 and 0.16 K per decade. 725 

Under SSP5-8.5, NF slopes were 0.73 and 0.48 K per decade and increased in FF to 1.06 and 726 

0.80 K per decade, indicating stronger weakening of cold extremes under higher forcing. 727 

Across periods, TNn trends were generally larger in BHRR than in NEX-GDDP-CMIP6. 728 



32 

 

 729 

Fig. 10. Sen’s slope trends of ETCCDI indices for BHRR and NEX-GDDP-CMIP6 and their 730 

differences under SSP2-4.5 and SSP5-8.5 for both futures 731 

  732 
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Table 4 Comparison of the magnitudes of Sen’s slope trends of ETCCDI indices for BHRR 733 

and NEX-GDDP-CMIP6 under SSP2-4.5 and SSP5-8.5 for the two future periods 734 

Index Scenario NF (BHRR / 

NEX-GDDP) 

FF (BHRR / NEX-

GDDP) 

Change in trend magnitude 

from NF to FF 

SU SSP2-4.5 5.87 / 5.93 2.11 / 2.10 Deceleration (-64%) 

SSP5-8.5 6.58 / 6.38 8.28 / 7.87 Amplification (+26%) 

TR SSP2-4.5 6.80 / 6.43 1.12 / 0.97 Deceleration (-84%) 

SSP5-8.5 9.63 / 8.18 13.69 / 12.00 Acceleration (+42%) 

FD SSP2-4.5 -0.25 / -0.12 -0.03 / -0.03 Deceleration 

SSP5-8.5 -0.22 / -0.23 -0.06 / 0.15 Deceleration 

TXx SSP2-4.5 0.35 / 0.30 0.18 / 0.26 Deceleration 

SSP5-8.5 0.55 / 0.56 0.59 / 0.93 Maintained / amplification 

TNn SSP2-4.5 0.72 / 0.34 0.23 / 0.16 Deceleration 

SSP5-8.5 0.73 / 0.48 1.06 / 0.80 Acceleration (+45%) 

 735 

 736 

3.4 Uncertainty and spatial variability assessed by spatial STDEV 737 

In this study, spatial STDEV was calculated for three temperature variables (Tmin, Tmax, and 738 

Tas) produced by BHRR and NEX-GDDP-CMIP6 during the NF and FF to quantify 739 

interannual variability and related uncertainty characteristics under future climate conditions. 740 

Fig. 11 presents spatial STDEV patterns for Tmin, Tmax, and Tas in NF and FF under SSP2-741 

4.5 and SSP5-8.5, together with inter-model differences. 742 

For Tmax, BHRR generally showed smaller STDEV than NEX-GDDP-CMIP6 across both NF 743 

and FF under both scenarios. Differences were predominantly -1.0 to -0.5 K, indicating that 744 

Tmax variability in BHRR was about 0.5-1.0 K lower, particularly over arid inland regions. 745 

Positive differences occurred in parts of eastern and southern Oceania, where BHRR showed 746 

higher variability by about 0.5-0.8 K, and coastal-adjacent areas tended to exhibit higher 747 

STDEV than inland regions. For Tmin, both models showed similar spatial structures, with 748 

relatively large STDEV over south-central Australia in both NF and FF. Differences were 749 

generally positive at about 0.6-1.0 K, indicating higher Tmin variability in BHRR, while 750 

differences were small over the northern tropics. From NF to FF, BHRR showed increased 751 

Tmin STDEV under SSP2-4.5, and under SSP5-8.5 the NF–FF increase reached about 1.2 K 752 
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in some areas, whereas NEX-GDDP-CMIP6 showed more limited NF–FF change. For Tas, 753 

NEX-GDDP-CMIP6 showed only small NF–FF differences under SSP2-4.5, whereas BHRR 754 

generally produced larger STDEV, with predominantly positive differences of about 0.3–0.6 755 

K over central and southern Australia under both scenarios. 756 

 757 

 758 

Fig. 11. Spatial variability of three climate variables quantified by spatial STDEV for BHRR 759 

and NEX-GDDP-CMIP6 and their differences under SSP2-4.5 and SSP5-8.5 760 

 761 

Fig. 12 shows land-only area-mean time series of Tas, Tmax, and Tmin under SSP2-4.5 and 762 

SSP5-8.5 for BHRR and NEX-GDDP-CMIP6, with shaded envelopes indicating ±1σ spatial 763 

STDEV over the land domain. Under SSP2-4.5, all variables increased gradually through the 764 

century, whereas under SSP5-8.5 warming was stronger and the separation from SSP2-4.5 765 

became more pronounced after mid-century. Across variables, the ±1σ envelopes remained 766 

substantial, indicating persistent spatial heterogeneity and regional contrasts in warming. 767 

BHRR and NEX-GDDP-CMIP6 agreed closely under SSP2-4.5, while under SSP5-8.5 768 

differences became more apparent later in the century, with BHRR often slightly higher for 769 

Tas and Tmax and smaller differences for Tmin. Overall, inter-model differences were modest 770 

relative to the scenario-driven signal, but divergence under SSP5-8.5 suggested increased 771 

model-dependent sensitivity under stronger forcing. 772 
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 773 

 774 

Fig. 12. Oceania land-only mean projections of three climate variables for BHRR and NEX-775 

GDDP-CMIP6 under SSP2-4.5 and SSP5-8.5 with ±1𝜎  spatial STDEV The shaded band 776 

denotes the standard deviation across land grid cells at each time and represents spatial 777 

heterogeneity of the projected change among grid cells, not uncertainty in the projected domain 778 

mean; Fig. 12 thus complements Fig. 7 by showing how this spatial heterogeneity evolves by 779 

scenario and period. 780 

Fig. S5 presents boxplots of spatial standard deviation (spatial STDEV, K) for Tmin, Tas, and 781 

Tmax over Oceania. Because reference data are available only for the historical period, they 782 

are shown for two domains, land-only and land plus ocean, to isolate domain effects on spatial 783 
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heterogeneity. Model results are shown for NF and FF under SSP2-4.5 and SSP5-8.5. In the 784 

historical reference data, Tas and Tmax exhibited larger spatial STDEV over the land-plus-785 

ocean domain than over land-only by about 1.5-2.0 K, reflecting the land-ocean thermal 786 

contrast, whereas Tmin showed weaker domain dependence. 787 

Relative to these benchmarks, NEX-GDDP-CMIP6 generally lay within or near the land-only 788 

reference range, while BHRR aligned more closely with the higher-variability land-plus-ocean 789 

reference, particularly for Tas. For Tas and Tmax, BHRR frequently occupied the upper portion 790 

of the historical land-plus-ocean distribution, whereas departures were smaller for Tmin. Future 791 

projections showed clear scenario dependence. Under SSP5-8.5, Tmax exhibited the largest 792 

increase in spatial STDEV in BHRR from NF to FF and in some cases exceeded the historical 793 

land-plus-ocean reference range, consistent with an intensified land–ocean thermal disparity. 794 

By contrast, Tmin showed maintained or slightly reduced spatial STDEV in both models, 795 

consistent with partial spatial homogenization as colder regions warmed more rapidly 796 

 797 

4. Discussion 798 

Transformer-based architectures have recently advanced single-image restoration and super-799 

resolution by capturing long-range dependencies (Liang et al., 2022; Liu et al., 2022). Building 800 

on these developments, BHRR introduces a two-stage Transformer workflow that separates 801 

spatial restoration and distributional bias correction. Restormer restores high-resolution spatial 802 

structures from linearly upscaled GCM fields, while the subsequent ViT does not directly 803 

regress corrected temperatures. Instead, it predicts a reference-based high-resolution quantile 804 

map from the Restormer-output quantile map, which is then used as an explicit transfer function 805 

for equidistant CDF matching in future projections. This design differs from end-to-end value-806 

regression approaches and provides explicit control over distributional adjustments, including 807 

tail behavior relevant for extremes. 808 

Recent diffusion-model studies also report strong restoration performance and often adopt 809 

Transformers as backbones (Peebles and Xie, 2023; Bao et al., 2023). However, operational 810 

climate-information production typically requires repeated processing across large ensembles 811 

and long simulation periods, making workflow complexity and repeated calibration practical 812 

burdens (Rampal et al., 2024). Integrating high-resolution restoration and bias correction 813 

within a single framework can therefore improve operational efficiency. In this study, BHRR 814 

required approximately 72 hours for training (Restormer and ViT combined), while inference 815 
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is completed in approximately one second per full-domain field, indicating rapid deployment 816 

after one-time training. On this basis, four topics are discussed below. 817 

The first topic concerns deep learning-based high-resolution reconstruction of GCM outputs. 818 

A central challenge is that the spatial structures of low-resolution GCM inputs and high-819 

resolution reference targets are not necessarily identical. Although resolution has improved in 820 

CMIP6, GCM fields can still be spatially coarse relative to reference datasets, particularly for 821 

topography, coastlines, and small islands (Evin et al., 2024; Nair et al., 2023). Where terrain 822 

and land–sea masks change abruptly, structural discrepancies can lead to learning difficulties 823 

beyond simple resolution enhancement, reflecting domain-shift effects in supervised mapping 824 

(Ben-David et al., 2010). For this reason, this study framed the task as image restoration from 825 

a linearly upscaled input rather than pure super-resolution. Consistent with this framing, 826 

linearly interpolated fields showed blurred land–ocean boundaries and weakened fine-scale 827 

structures, whereas Restormer restored sharper boundaries and improved spatial textures (Fig. 828 

3), with higher SSIM and PSNR than linear interpolation. These results suggest that restoring 829 

missing boundary and texture information can improve spatial fidelity, but spatial restoration 830 

alone does not remove numerical biases relative to the reference dataset, motivating a 831 

subsequent bias-correction step. Conversely, if bias correction were applied directly through 832 

quantile-map translation without a preceding spatial-restoration stage, the input fields would 833 

retain the blurred spatial structures inherent in linearly interpolated GCM outputs, and the 834 

resulting corrected fields would be expected to exhibit degraded spatial-fidelity metrics (SSIM 835 

and PSNR) because the quantile-based correction adjusts distributional properties at each grid 836 

cell but does not recover missing fine-scale spatial information. This bidirectional limitation 837 

motivates the two-stage design of BHRR: the Restormer first restores high-resolution spatial 838 

structure to maximize SSIM and PSNR, and the ViT-based quantile-map translation then 839 

corrects distributional biases without compromising the spatial detail already recovered. 840 

The second topic concerns the need for quantile learning in deep learning-based bias correction. 841 

A central challenge of image-based bias correction is that GCM and observation-based 842 

reference fields can occupy systematically different cumulative distribution functions (CDFs) 843 

at each grid cell. When an image-to-image network is trained to minimize pixel-wise 844 

reconstruction error, it can learn spatial patterns effectively, but systematic distributional 845 

offsets—including shifted means and compressed or inflated tails—tend to persist because the 846 

loss function does not explicitly penalize CDF misalignment. This makes conventional image-847 
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regression approaches insufficient for producing fields that are both spatially faithful and 848 

distributionally unbiased. To overcome this limitation, BHRR formulates bias correction as a 849 

quantile-function translation task rather than a direct value-regression task. In BHRR, the ViT 850 

predicts the full reference-based quantile map𝑄ref rather than pointwise corrected temperatures, 851 

explicitly representing the target distribution at each grid cell and enabling a rank-preserving 852 

CDF-based correction. This design supports evaluation not only of mean errors but also of 853 

distribution alignment, including tails that drive extreme indices. Distributional discrepancies 854 

can be especially challenging when the target variable has strong non-Gaussian behavior. 855 

Although not tested here, precipitation is a common example because of frequent zeros, heavy 856 

tails, and spatial intermittency (Lee and Haran, 2024), where reducing mean error alone may 857 

not ensure realistic extremes. For temperature, the ViT-based correction improved RMSE and 858 

PBIAS across Tmin, Tas, and Tmax, with PBIAS close to zero, and reduced regional errors in 859 

inland and south-central areas, indicating spatially varying corrections rather than a uniform 860 

adjustment. Q-Q diagnostics also showed closer distributional agreement with the reference 861 

than NEX-GDDP-CMIP6, supporting the value of quantile-based learning for distributional 862 

alignment. A remaining question is whether historical improvements are carried forward 863 

consistently into future projections while preserving scenario-dependent change signals. 864 

The third topic concerns whether BHRR preserves the climate-change signal embedded in the 865 

driving GCM. This is a central requirement for any bias-correction framework, because 866 

traditional quantile mapping can distort the GCM signal during distribution alignment (Maurer 867 

and Pierce, 2014; Themeßl et al., 2012). Signal-preserving methods such as Quantile Delta 868 

Mapping were developed to address this problem by retaining quantile-specific changes 869 

(Cannon et al., 2015; Cannon, 2018). In BHRR, the ViT learns a historical quantile-function 870 

mapping that is then applied to future daily values through equidistant CDF matching. 871 

Therefore, the correction is derived from the historical distributional difference and applied to 872 

future values without overwriting the scenario-dependent shift produced by the GCM. To 873 

verify this property, this study assessed whether differences between SSP2-4.5 and SSP5-8.5 874 

were preserved in BHRR outputs using ETCCDI indices and Sen’s slope (Kim et al., 2020; 875 

Zhao et al., 2023). The results showed larger increases in SU and TR, stronger decreases in FD, 876 

and greater amplification toward FF under SSP5-8.5, while Sen’s slope indicated strengthened 877 

trends for indices such as TR. These patterns are consistent with the expected radiative-forcing 878 

difference between the two scenarios and with prior evidence that extreme temperature changes 879 
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over Australasia intensify with warming (IPCC, 2022; Song et al., 2024; Deng et al., 2022). 880 

Based on these results, the equidistant CDF matching formulation in BHRR appears to preserve 881 

the scenario-dependent signal in a manner comparable to established signal-preserving 882 

approaches. 883 

The final topic discusses variability in future projections from BHRR and NEX-GDDP-CMIP6. 884 

This study used spatial STDEV as a proxy for spatial variability and uncertainty characteristics. 885 

For land-only mean time series, BHRR and NEX-GDDP-CMIP6 remained similar under SSP2-886 

4.5, whereas differences widened over time under SSP5-8.5. The ±1σ envelopes indicated 887 

sustained spatial heterogeneity and suggested larger variability under stronger forcing. Because 888 

land–ocean thermal contrast can further amplify spatial variability, interpretation benefits from 889 

comparison with previous studies of regional variability and extremes. Prior work has reported 890 

increasing variability across Oceania toward later periods and under higher emissions (Molina 891 

et al., 2025; Deng et al., 2022; Song et al., 2024). Consistent with these findings, this study 892 

indicated amplified spatial variability in BHRR projections, particularly under SSP5-8.5 and 893 

in FF, with scenario dependence broadly comparable to NEX-GDDP-CMIP6. The framework 894 

provides a transferable two-stage architecture whose components can be retrained 895 

independently for other GCMs, variables, and domains. 896 

BHRR is a modular framework rather than a universal model. Its stages can be retrained for 897 

other GCMs, variables, regions, and reference products where a suitable high-resolution 898 

reference exists, but the learned operator is specific to the GCM-reference pair, as for any 899 

supervised or statistical bias-correction method. Because both stages are trained on the 900 

historical period and applied to the future, they assume that the historical model-reference 901 

relationship holds under changing climate, and future values may lie outside the historical 902 

training range. As no observation-based reference exists for the future period, out-of-903 

distribution accuracy cannot be verified directly against observations, a limitation shared by all 904 

post-processing methods. In its place, the physical plausibility of the projections is assessed 905 

against the established NEX-GDDP-CMIP6 benchmark, with which the framework remains 906 

consistent throughout the future period in the temporal evolution, spatial anomaly patterns, 907 

extreme-index changes, trend magnitudes, and spatial variability, and against the preservation 908 

of the driving-model warming trend (Section 3.3). Importantly, the correction necessarily 909 

extends the learned distributional relationship to future values beyond the historical range, 910 

which is what allows the warming signal to be preserved rather than collapsed toward the 911 
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historical climatology. The genuine limitation is therefore not extrapolation itself but that the 912 

accuracy of these extrapolated tail values cannot be verified directly against observations for 913 

the future period, for which the consistency with the widely used NEX-GDDP-CMIP6 product 914 

noted above provides the practical basis for confidence until longer observational records allow 915 

direct verification. Because BHRR and NEX-GDDP-CMIP6 are anchored to the same 916 

observation-based reference (PGFv3, which also serves as the reference in the NEX-GDDP-917 

CMIP6 BCSD procedure), their agreement over the future period constitutes a like-for-like 918 

consistency check between two independent post-processing methods rather than a comparison 919 

against an unrelated product, which strengthens the basis for confidence in the extrapolated 920 

values. 921 

Compared with a non-learned per-cell empirical quantile map, which achieves comparable 922 

distributional accuracy but is estimated independently at each grid cell, the ViT couples 923 

neighbouring cells through self-attention and produces spatially coherent, less noisy quantile 924 

and correction fields, particularly in the tails. This spatial regularization of otherwise noisy 925 

empirical quantiles is the principal advantage of the learned translation. 926 

 927 

5. Conclusion 928 

This study presented the development and evaluation of BHRR v1.0, a two-stage Transformer 929 

framework for sequential spatial restoration and quantile-function bias correction of gridded 930 

climate model temperature fields. The framework addresses the difficulty that conventional 931 

image-to-image regression cannot simultaneously recover spatial structure and correct 932 

distributional biases, by decoupling Restormer-based spatial restoration from ViT-based 933 

quantile-function translation. BHRR was evaluated against the reference dataset and 934 

benchmarked against NEX-GDDP-CMIP6 using PSNR, SSIM, RMSE, and PBIAS. Climate-935 

change signal preservation was assessed under SSP2-4.5 and SSP5-8.5 were examined using 936 

ETCCDI temperature extreme indices and Sen’s slope, and spatial STDEV was used as a proxy 937 

for spatial variability and uncertainty. The main conclusions were as follows: 938 

1. Restormer improved the spatial fidelity of GCM temperature fields relative to linear 939 

interpolation, yielding higher median SSIM and PSNR for Tmin, Tas, and Tmax and 940 

indicating more stable spatial restoration. 941 

2. The ViT-based bias-correction stage reduced overall errors and systematic bias, with 942 

lower RMSE and PBIAS and closer distributional alignment to the reference dataset 943 
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than NEX-GDDP-CMIP6, supporting the effectiveness of the pixel-wise quantile-944 

mapping formulation. Compared with a non-learned empirical quantile mapping, 945 

which achieves comparable distributional accuracy, the ViT-based translation 946 

additionally regularizes the spatially noisy per-cell empirical quantiles and improves 947 

spatial coherence, particularly in the tails. The correction extends the learned 948 

relationship to future values beyond the historical range, which preserves the warming 949 

signal, and although the accuracy of these extrapolated tail values cannot be verified 950 

directly against future observations, their consistency with the widely used NEX-951 

GDDP-CMIP6 product supports their plausibility. 952 

3. ETCCDI indices and Sen’s slope confirmed that BHRR preserved the climate-change 953 

signal from the driving GCM. Radiative-forcing differences between SSP2-4.5 and 954 

SSP5-8.5 were reflected in the corrected projections, with SSP5-8.5 producing larger 955 

increases in SU and TR, decreases in FD, and amplified changes toward FF. 956 

4. Spatial STDEV showed scenario-dependent spatial variability consistent with that of 957 

the benchmark product. Future work will extend BHRR to additional GCMs, regions, 958 

and non-Gaussian variables such as precipitation. A systematic intercomparison of 959 

BHRR with other deep-learning downscaling and post-processing architectures under 960 

identical training and evaluation conditions is left for future work. 961 

From a computational perspective, the combined Restormer and ViT training cost was on the 962 

order of 72 hours on an NVIDIA A100 environment, and inference is completed in 963 

approximately one second per full-domain field. The source code and trained weights are 964 

publicly available to support reproducibility and further development.  965 
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Fig. S1. Köppen-Geiger climate zones over the Oceania study domain 25 

 26 
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 27 

Fig. S2. Restormer (Zamir et al., 2021) architecture used for patch-based climate field restoration 28 
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 30 

Fig. S3. Spatial comparison of three daily temperature predictions on randomly selected dates across 31 

Oceania 32 
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 34 

Fig. S4. Spatial distribution of RMSE for ViT-based bias correction and NEX-GDDP for Tmin, Tas, and 35 

Tmax over Oceania (1980-2014) 36 

 37 

  38 
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 39 

Fig. S5. Boxplots of spatial STDEV for three climate variables over Oceania for historical reference and 40 

for BHRR and NEX-GDDP-CMIP6 in NF and FF under SSP2-4.5 and SSP5-8.5 41 
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 43 

Fig. S6. Training diagnostics. (Top) Restormer full-domain SSIM and PSNR versus epoch for 44 

Tmax, shown as a representative variable, compared with the linear-interpolation baseline (dashed). 45 

The metrics increase monotonically and converge above the baseline. (Bottom) ViT training and 46 

validation loss curves for Tas, Tmax, and Tmin. The validation loss tracks the training loss without 47 

diverging, indicating stable convergence without substantial overfitting. The final restoration 48 

performance for all three variables is summarized in Fig. 3. 49 
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 51 

Fig. S7. Preservation of the ACCESS-CM2 warming signal by BHRR. Oceania land-only mean 52 

temperature anomaly for Tas, Tmax, and Tmin (top to bottom) under SSP2-4.5 (solid) and SSP5-53 

8.5 (dashed), shown for the raw ACCESS-CM2 driving model (grey), BHRR (red), and NEX-54 

GDDP-CMIP6 (blue). Each series is expressed as an anomaly relative to its own 2015-2035 mean, 55 

which removes the fixed bias-correction offset so that only the warming signal is compared, and 56 

an 11-year centred running mean is applied. Within each scenario the three datasets track closely, 57 

and the scenario separation that emerges after about 2050 is reproduced by BHRR. BHRR 58 
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reproduces the raw warming trend to within roughly 5-10% across variables and scenarios and is 59 

slightly conservative for Tas under SSP5-8.5, confirming that the equidistant CDF matching 60 

preserves the driving-model signal rather than collapsing or amplifying it. 61 
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Table S1. Median SSIM and PSNR of the linearly interpolated input, the Restormer output, and 63 

the full BHRR output against the PGFv3 reference over Oceania, computed with the same 64 

procedure as Fig. 3 (full 200 × 280 domain, fixed data range of 50 K) for the full historical period 65 

(1980-2014, 12,784 days) and for the held-out 20% validation subset (2,557 days that contributed 66 

no weight updates during training). The close agreement between the two evaluation sets indicates 67 

that the reported performance does not rest on memorization of training samples. 68 

Variable Evaluation set SSIM PSNR 

Tmin Full 1980–2014 0.877 26.7 

Tmin Validation-only (20%) 0.877 26.7 

Tas Full 1980–2014 0.908 28.0 

Tas Validation-only (20%) 0.908 28.0 

Tmax Full 1980–2014 0.887 27.2 

Tmax Validation-only (20%) 0.886 27.0 

 69 

  70 
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Table S2. Unified evaluation of each processing level against the PGFv3 reference over Oceania 71 

during 1980–2014 (medians of per-day metrics, with SSIM and PSNR computed as in Fig. 3 and 72 

RMSE and PBIAS computed as in Fig. 4 over the NEX-GDDP-CMIP6 land mask) 73 

Variable Processing steps SSIM PSNR (dB) RMSE (K) PBIAS (%) 

Tmin Linear 

interpolation 

(input) 
0.854 25.2 4.48 0.676 

Restormer 

(Stage 1) 
0.877 26.7 3.65 0.142 

Restormer + 

ViT (BHRR) 
0.923 26.7 3.67 −0.005 

NEX-GDDP-

CMIP6 
– – 3.87 −0.019 

Tas Linear 

interpolation 

(input) 
0.891 26.3 3.77 0.211 

Restormer 

(Stage 1) 
0.908 28 3.09 0.029 

Restormer + 

ViT (BHRR) 
0.941 27.9 3.1 0.024 

NEX-GDDP-

CMIP6 
– – 3.45 0.151 

Tmax Linear 

interpolation 

(input) 
0.856 24.4 4.98 −0.559 

Restormer 

(Stage 1) 
0.887 27.2 3.59 −0.178 

Restormer + 

ViT (BHRR) 
0.893 26.7 3.75 −0.052 

NEX-GDDP-

CMIP6 
– – 4.18 −0.009 

 74 

 75 

Table S3. Comparison of a non-learned per-cell empirical quantile-mapping baseline (equidistant 76 

CDF matching applied directly to the Restormer output) with the ViT-based correction, evaluated 77 

against the PGFv3 reference over the historical period. RMSE and |PBIAS| are per-cell medians; 78 

Q-Q R² is the pooled quantile-quantile agreement. Roughness is the domain-mean absolute 79 

Laplacian of the applied correction field and of the τ = 0.99 quantile field (lower = spatially 80 

smoother). The two methods achieve comparable distributional accuracy, whereas the ViT 81 

produces markedly smoother correction and tail fields, i.e. it regularizes the noisy per-cell 82 

empirical quantiles. 83 
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Variable Method RMSE (K) |PBIAS| (%) Q-Q R² Correction-

field 

roughness 

q99 

roughness 

Tas Empirical 

QM 

1.37 0.0004 1.000 0.431 0.396 

ViT (BHRR) 1.43 0.067 0.999 0.268 0.387 

Tmax Empirical 

QM 

1.34 0.0005 1.000 0.554 0.695 

ViT (BHRR) 1.39 0.041 1.000 0.268 0.475 

Tmin Empirical 

QM 

1.52 0.0005 1.000 0.609 0.489 

ViT (BHRR) 1.55 0.024 1.000 0.406 0.439 

 84 


