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Highlights

What are the main findings?

• The scale-invariant assumption in PM2.5 statistical downscaling is only partially
valid. PM2.5-predictor relationships change with spatial resolution, and sub-kilometre
heterogeneity cannot be fully recovered from a smoothed 1 km source.

• Applying observation-based calibration improves the accuracy of PM2.5 statistical
downscaling and recovers information not available in the smoothed 1-km source.

What are the implications of the main findings?

• High-resolution PM2.5 products should be evaluated not only by spatial resolution
or internal validation against coarse-grid targets, but also by scale-transferability,
ground-observation agreement, and spatial plausibility.

• Station-level cross-validated daily fine- resolution (100 m) maps of PM2.5 air pollu-
tion were produced for Zhejiang province, China, for 2020–2024 with spatial cross-
validation results. These can be aggregated to different spatial and temporal units to
support the required application.

Abstract

High-resolution PM2.5 mapping is increasingly required for exposure assessment and
for assessing compliance with environmental policies. However, statistical downscaling
from coarse gridded products assumes that PM2.5-predictor relationships are transferable
across spatial resolutions. This study evaluated that assumption and developed a two-
stage framework for 100 m PM2.5 mapping in Zhejiang Province, China. In Stage 1, the
1 km CHAP-PM2.5 product was downscaled with multi-source predictors using XGBoost
and TabICL v2. In Stage 2, monitoring observations were integrated through daily bias
correction and residual calibration. Scale transferability was assessed using coefficient-side
similarity, output-side transfer tests, and a simulation-based recoverability experiment;
calibration was evaluated using stratified and buffered site-based cross-validation. Scale
transferability was only partial: predictor effects and transferred outputs became less
stable as the resolution gap increased, and downscaling recovered only part of the known
sub-kilometre heterogeneity. Stage 1 mainly enhanced spatial texture, whereas Stage 2
produced clearer improvements in agreement with ground observations and recovered
much of the variability lost in the coarse-resolution data product. In cross-validation,
the best calibrated product increased R2 from 0.55 to 0.74 and reduced RMSE from 7.3 to
5.5 µg/m3. This paper provides an extensive evaluation for 2020 and provides a series of
quality-assured daily 100 m resolution PM2.5 maps for Zhejiang province for 2020–2024
which can be flexibly aggregated in space and time for different applications.

Remote Sens. 2026, 18, 2876 https://doi.org/10.3390/rs18172876

https://crossmark.crossref.org/dialog?doi=10.3390/rs18172876&domain=pdf&date_stamp=2026-08-27
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0005-8652-5573
https://orcid.org/0000-0001-9424-2905
https://orcid.org/0000-0002-5105-7846
https://doi.org/10.3390/rs18172876


Remote Sens. 2026, 18, 2876 2 of 37

Keywords: PM2.5; high-resolution mapping; statistical downscaling; scale transferability;
observation-based calibration; spatial cross-validation

1. Introduction
PM2.5 refers to fine particulate matter with an aerodynamic equivalent diameter of

2.5 µm or smaller. Because of its adverse effects on human and environmental health [1,2],
China has established a national ground-based PM2.5 monitoring network through the
China National Environmental Monitoring Centre (CNEMC). These monitoring stations
provide reliable point-level observations, but their spatial coverage is limited and they
cannot directly represent PM2.5 concentrations in areas without monitoring sites. To
overcome this limitation, satellite remote sensing and related geospatial data have been
used widely to estimate the spatial distribution of PM2.5 [3–7]. Based on aerosol optical
depth (AOD), meteorological variables, land-use information, and ground observations,
a number of gridded PM2.5 products have been developed [8–15], providing continuous
spatial coverage beyond the monitoring network.

Although existing satellite-derived or data-fusion-based PM2.5 products have sub-
stantially improved spatial coverage, their spatial resolution often remains too coarse
to represent local-scale variability in air pollution [16]. Many products are provided
at kilometre-level resolution or coarser [9], meaning that sub-grid variation associated
with roads, land-use contrasts, population density, urban morphology, and local emission
patterns may be smoothed or lost. This limitation is particularly relevant for exposure
assessment and local environmental analysis, where fine-scale spatial contrasts in PM2.5
are important [16]. Therefore, there is a need to refine existing coarse-resolution PM2.5
products into finer-resolution surfaces while retaining their large-scale spatial consistency.

Statistical downscaling offers a solution to this problem [16]. In a typical statistical
downscaling framework, the relationship between a coarse-resolution target variable and
auxiliary predictors aggregated to the same coarse scale is first modelled. The fitted
relationship is then applied to predictors prepared at a finer spatial resolution to generate a
high-resolution estimate [16,17]. This procedure assumes that the relationship learned at the
coarse resolution is transferable to the finer resolution, namely that the fitted relationship is
scale-invariant [17–20]. Although statistical downscaling has been widely used in remote
sensing [16,21–23] and has also been applied to PM2.5 mapping [16,24–26], the validity
of this scale-invariance assumption has usually not been addressed [16,18–20]. Beyond
this scale-transferability issue, improving spatial resolution alone does not necessarily
guarantee improved agreement with independent ground observations [16,18].

This study addresses these issues by developing and evaluating a two-stage framework
for 100 m PM2.5 mapping in Zhejiang Province, China. In Stage 1, a 1 km PM2.5 product
was downscaled to 100 m using multi-source auxiliary predictors and two tabular learning
models, XGBoost and TabICL v2. In Stage 2, independent ground monitoring observations
were used to calibrate Stage 1 products through daily bias correction and residual calibra-
tion. The study focuses on two research questions: (1) how can existing coarse-resolution
PM2.5 products be improved using statistical downscaling and observation-based calibra-
tion? and (2) is the scale-invariance assumption valid, i.e., can models trained at coarse
resolution be reliably applied to high-resolution PM2.5 predictors? By jointly assessing
scale transferability, ground-observation agreement, and spatial plausibility, this study
aims to clarify the conditions under which high-resolution PM2.5 downscaling can provide
reliable added value beyond the original coarse-resolution product.
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2. Conceptual Framework
Statistical downscaling is a common way to generate fine-resolution environmen-

tal surfaces [16]. It derives fine-resolution spatial information by first modelling the
relationship between a coarser-resolution target and auxiliary predictors at the same
scale and then applying the learned relationship to predictors available at finer spatial
resolution [16–18,21,22,24,27–29]. For example, Yang et al. [16] improved Atmospheric
Composition Analysis Group (ACAG) PM2.5 from 10 km to 300 m in China using statis-
tical downscaling and Dinkelacker et al. [24] used a random forest model to downscale
source-resolved CTM PM2.5 predictions from 36 km to 1 km in southwestern Pennsylva-
nia. Beyond PM2.5, similar coarse-to-fine modelling strategies have been applied to other
environmental variables. Tian et al. [28] trained a random forest model to characterize the
relationship between coarse-resolution SMAP soil moisture and land-surface variables and
subsequently applied the trained model to fine-resolution inputs to generate soil moisture
estimates at 0.05◦ resolution. Hu et al. [29] established an XGBoost relationship between
GOME-2 solar-induced chlorophyll fluorescence (SIF) and environmental predictors at 0.5◦

resolution and applied it at 0.05◦ resolution. This model-transfer procedure relies on the
scale-invariance assumption [17–19]. This assumption is closely linked to the Modifiable
Areal Unit Problem (MAUP), under which analytical results can change when spatial units
or resolutions are modified [30]. The relevant concern here is the scale problem [30] or
scale effect [19,31–33], because statistical downscaling explicitly transfers a model from a
coarse support to a finer support [19]. Spatial aggregation smooths local variability, alters
the distributions of PM2.5 and its predictors, and can change the strength or form of their
relationship. Because the coarse-resolution target is already an areal average, fine-scale
hotspots, road-related gradients, and local land-use contrasts may have been attenuated
before model fitting. A model calibrated to this smoothed target may therefore be unable to
recover the full sub-grid heterogeneity, and the additional detail it produces is itself subject
to resampling uncertainty introduced when predictors are re-gridded between supports.

Another conceptual distinction separates resolution enhancement from observation-
based calibration. A downscaled product may contain richer spatial texture than the
original coarse product, yet greater spatial detail does not guarantee closer agreement
with ground observations [16,18]: improved accuracy and improved spatial detail are
distinct properties. High-resolution PM2.5 mapping therefore involves two related but
different objectives, namely transferring a coarse gridded product to a finer resolution and
calibrating the resulting product against independent ground measurements. Ground-
observation integration differs fundamentally from downscaling because it introduces new
information from monitoring sites rather than redistributing information already contained
in the coarse product; it can correct systematic bias and local error that downscaling alone
cannot address. This distinction motivates the two-stage design adopted in this study, in
which Stage 1 performs statistical downscaling and Stage 2 uses ground observations to
correct bias and residual error.

Validation should reflect these distinctions. In Stage 1, the modelling target is a
spatially continuous gridded product with relatively uniform coverage, so the purpose
of validation is to test whether the model reproduces the coarse-grid PM2.5-predictor
relationship before transfer; conventional random cross-validation is effective when the
available samples represent the prediction domain [34]. In Stage 2, however, the target is
point-based ground-observed PM2.5 from unevenly distributed and potentially clustered
monitoring stations. Randomly splitting individual observations may place records from
the same or nearby stations in both the calibration and validation sets. Because nearby
(both spatially and temporally) PM2.5 observations are often autocorrelated, this leakage
reduces the effective independence of the validation data and may produce overly op-
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timistic estimates of model performance [35–37]. Spatial cross-validation addresses this
problem by defining validation folds according to geographic units, such as monitoring
sites, spatial clusters, or spatial blocks, rather than by randomly assigning individual
observations [35,38]. In this study, a spatial cross-validation framework was used: all
observations from a validation site and its neighbours are excluded from model fitting,
and predictions are evaluated at monitoring locations not used for observation-based
calibration [39]. Together, these concepts form the logic of the study: statistical downscal-
ing addresses whether a coarse product can be refined to a finer resolution; the MAUP
and scale-invariance assumption address whether the transferred relationship is valid
across supports, and site-based validation addresses whether observation-based calibration
improves agreement with independent measurements.

3. Materials and Methods
3.1. Study Area

Zhejiang Province, located in eastern China, was selected as the study area, with a
particular focus on Ningbo City. The province is predominantly characterised by moun-
tainous and hilly terrain, with relatively limited plains mainly distributed in coastal
and riverine areas [40]. Most urban areas are concentrated on these low-lying plains.
The province therefore exhibits strong contrasts in terrain, urbanisation, population den-
sity, and emission-related land-use patterns, making it a suitable region for evaluating
high-resolution PM2.5 downscaling. Figure 1 shows the location of Zhejiang Province,
its topography, and the spatial distribution of the PM2.5 monitoring stations used in
this study.

Figure 1. Study area. The figure shows the location of Zhejiang Province, terrain elevation, and
PM2.5 monitoring stations.

3.2. Datasets

The datasets used in this study include ground-level PM2.5 observations, gridded
PM2.5 estimates, remote-sensing and meteorological predictors, and socioeconomic auxil-
iary variables.
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3.2.1. PM2.5 Site Observations

Ground-level PM2.5 observations were obtained from the provincial air-quality
data product provided by the Qingyue Open Environment Data Centre (https://data.
epmap.org/product/province_air, accessed on 31 March 2026). The dataset contains daily
PM2.5 measurements from both national-controlled and provincial-controlled air-quality
monitoring stations. For this study, only provincial-controlled stations were retained.
National-controlled stations were excluded because the baseline gridded PM2.5 product
used in this study was generated with support from national monitoring observations.
Retaining these stations for validation could therefore reduce the independence of the
assessment and overestimate agreement between the gridded product and ground ob-
servations. The procedure for excluding the national-controlled stations is described in
Supplementary Material S1.

For each monitoring record, daily PM2.5 concentration, station name, longitude, and
latitude were extracted. Records with missing or invalid PM2.5 values or coordinates were
removed (details about data cleaning can be found in Supplementary Material S1.5). For
the main calibration and cross-validation analysis, in each month, stations with fewer than
10 valid observation days were excluded to ensure sufficient temporal representation. In
total, there are 98 provincial monitoring stations, including 62 stations (63%) over flat areas
and 36 stations (37%) over rugged terrain areas.

3.2.2. Other Datasets

In this study, the PM2.5 product to be downscaled was the ChinaHighPM2.5 product
from the ChinaHighAirPollutants (CHAP) dataset (CHAP-PM2.5) [11,12]. This product
was selected because it provides daily gridded PM2.5 estimates across China with strong
reported performance [9]. The dataset integrates ground observations, satellite remote
sensing (i.e., DEM, land cover and nighttime light), meteorological variables, and other
auxiliary information, and provides PM2.5 estimates at 1 km spatial resolution. In this
study, the CHAP-PM2.5 product was used as the coarse-resolution target for Stage 1
statistical downscaling.

The datasets used in this study are summarised in Table 1. Full descriptions, including
native resolution, temporal coverage, source, and the preprocessing, aggregation, and
resampling rules applied to each layer, are provided in Supplementary Material S1.

Table 1. Datasets used for PM2.5 downscaling and observation-based calibration.

Dataset Role in Study Source Native Resolution

Ground PM2.5 Stage 2 calibration/validation
target

Qingyue Open
Environment Data Centre Point, daily

CHAP-PM2.5 Stage 1 coarse-resolution
target

Wei et al. [11], Wei et al.
[12], 1 km, daily

AOD Predictor Bai et al. [8] 1 km, daily
2 m temperature;

precipitation Predictor ERA5-Land (ECMWF) ~9 km, hourly to daily

Land cover Predictor ESRI (Sentinel-2) 10 m, yearly
Nighttime light Predictor Chen et al. [41] ~500 m, yearly
Building height Predictor Wu et al. [42] 10 m, 2020

DEM Predictor SRTM (CGIAR-CSI) ~90 m, 2000
Road density Predictor OpenStreetMap Vector to grid

Population density Predictor Chen et al. [43] 100 m
POI density Predictor Gaode (Amap) API Vector to grid

Global Relief Classes (GRC) For terrain identification Yang et al. [40] ~30 m
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3.3. Methodology

A two-stage workflow was developed to generate 100 m PM2.5 estimates by combining
the 1 km CHAP-PM2.5 product, multi-source auxiliary predictors, and independent ground
monitoring observations (Figure 2). Stage 1 focused on statistical downscaling. In this
step, the relationships between CHAP-PM2.5 and auxiliary predictors were learned at
the 1 km scale and then transferred to the 100 m predictor grid. Two tabular learning
models, Extreme Gradient Boosting (XGBoost) [44] and TabICL v2 [45,46], were evaluated to
examine whether different modelling strategies affected the accuracy and spatial structure
of the downscaled product.

Figure 2. Flowchart for the downscaling process.

Stage 2 focused on observation-based calibration. The Stage 1 product was adjusted
using ground monitoring observations through three correction strategies: simple daily bias
correction, bias correction plus XGBoost residual modelling, and bias correction plus TabICL
v2 residual modelling. These methods represent increasing levels of model flexibility and
were compared to assess whether residual modelling provides robust improvement beyond
simple bias correction.

This two-stage design separates resolution enhancement from ground-observation
integration. Stage 1 evaluates whether the coarse-resolution PM2.5-predictor relationship
can be transferred to a finer grid, whereas Stage 2 evaluates whether the resulting high-
resolution product can be calibrated to independent ground observations. In both stages,
possible spatial artefacts were evaluated [13,47]. Model configuration, hyperparameters,
software and computer hardware used are provided in Supplementary Material S2.

3.3.1. Stage 1: PM2.5 Statistical Downscaling

Stage 1 generated a 100 m PM2.5 surface by transferring the relationship between the
1 km CHAP-PM2.5 product and auxiliary predictors to the 100 m grid. Let yL denote the
CHAP-PM2.5 and let XL denote a set of predictors co-registered to the same coarse grid.
We trained a nonlinear relationship f (·) using XGBoost and TabICL v2 to approximate:

yL = f
(

XL
)
+ ε, (1)
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where ε denotes residual errors. XGBoost is a machine learning method that fits an ad-
ditive model of decision trees by minimizing a regularized objective, enabling flexible
nonlinear response functions and interactions among predictors [44]. In addition to XG-
Boost, TabICL v2 was used as an alternative Stage 1 learner. TabICL v2 was used as an
in-context deep learning model, in which predictions are generated conditional on the train-
ing examples provided as context rather than through conventional task-specific parameter
estimation [45]. In this study, TabICL v2 was evaluated as a flexible tabular foundation
model for learning the coarse-resolution PM2.5-predictor relationship and transferring it to
the 100 m predictor grid.

Predictor harmonization followed the rules described in Supplementary Material S1.5.
After harmonization, predictors were provided at 1 km and 100 m resolutions. After fitting
the model at 1 km resolution, the learned relationship was applied to the predictor stack
prepared on the 100 m grid:

ŷH = f
(

XH
)

, (2)

where XH denotes the fine-grid predictor stack and ŷH denotes the Stage 1 downscaled
PM2.5 estimate. This procedure produced two Stage 1 products, one based on XGBoost and
the other based on TabICL v2, which were then used as baseline high-resolution products
for the Stage 2 observation-based calibration.

3.3.2. Stage 2: Integration of Ground Observations

Stage 2 was designed to integrate ground monitoring observations into the Stage 1
downscaled PM2.5 products. Although Stage 1 generates 100 m PM2.5 surfaces, these
products remain constrained by the 1 km CHAP-PM2.5 product used as the training target.
They may therefore inherit systematic bias from the original gridded product and may not
fully agree with ground-level observations.

Let yi,t denote the observed PM2.5 concentration at monitoring site i on day t, and let

Ĥ(m)
i,t denote the Stage 1 estimate extracted at the corresponding monitoring location. The

raw residual between the ground observation and the Stage 1 estimate was defined as:

e(m)
i,t = yi,t − Ĥ(m)

i,t , (3)

where e(m)
i,t denotes the correction required to align the Stage 1 estimate with the ground

observation at site i and day t.
Three Stage 2 calibration strategies were evaluated: (1) simple daily bias correction, (2)

bias correction plus XGBoost residual modelling, and (3) bias correction plus TabICL v2
residual modelling. These methods represent increasing levels of model flexibility, from a
purely additive daily adjustment to nonlinear machine learning residual correction.

Simple Daily Bias Correction

The first Stage 2 method was a simple daily bias correction. For each day, the mean
residual (i.e., bias) between ground observations and Stage 1 estimates was calculated from
the training monitoring sites:

b(m)
t =

1
nt

nt

∑
i=1

(
yi,t − Ĥ(m)

i,t

)
, (4)

where b(m)
t denotes the daily bias term for the Stage 1 model m, and nt denotes the number

of available training observations on day t.

https://doi.org/10.3390/rs18172876

https://doi.org/10.3390/rs18172876


Remote Sens. 2026, 18, 2876 8 of 37

Let Ĥ(m)
g,t denote the Stage 1 PM2.5 estimate for grid cell g on day t, generated by the

Stage 1 model m, where m denotes either XGBoost or TabICL v2. The bias-corrected PM2.5
estimate for grid cell g was then calculated as:

Ĉ(m)
g,t = Ĥ(m)

g,t + b(m)
t . (5)

This method applied the same additive correction to all grid cells on a given day.
Therefore, daily bias correction provided a conservative calibration strategy that corrects
systematic underestimation or overestimation while avoiding new spatial artefacts from
sparse station data.

Residual Modelling After Daily Bias Correction

The remaining residual after daily bias correction was defined as:

r(m)
i,t = yi,t −

(
Ĥ(m)

i,t + b(m)
t

)
, (6)

where r(m)
i,t denotes the residual that remains after correcting the daily average bias. For

the residual-modelling methods, r(m)
i,t was used as the response variable. All residual

models were fitted separately by month. Within each month, the daily bias was first
calculated for each date, and the remaining residuals were then pooled to train one month-
specific residual model. Only daily varying predictors, including Stage 1 PM2.5, AOD, and
meteorological variables, were used; static predictors would have identical values across
dates while the corresponding residuals changed from day to day. The general model can
be written as:

r(m)
i,t = fq

(
AODi,t, Temperaturei,t, Precipitationi,t, Ĥ(m)

i,t

)
+ εi,t, (7)

where fq(·) denotes the residual model used by method q (i.e., XGBoost and TabICL v2)
and εi,t is the error term. The final calibrated estimate was then obtained as:

Ĉ(m,q)
g,t = Ĥ(m)

g,t + b(m)
t + r̂(m,q)

g,t , (8)

where r̂(m,q)
g,t denotes the remaining residual estimated for grid cell g on day t by residual

modelling method q, conditional on the Stage 1 product generated by model m.

Model Comparison and Final Product Selection

The three Stage 2 calibration strategies were applied separately to the two Stage 1
products generated by XGBoost and TabICL v2. This produced a set of candidate 100 m
PM2.5 products with different levels of complexity. Their performance was evaluated using
site-based cross-validation metrics, including R2, RMSE, MAE, bias and slope, together
with visual inspection of mapped spatial structure.

The final product was not selected solely according to the best validation metrics. In-
stead, model selection considered three criteria: improvement against ground observations,
preservation of plausible spatial structure, and methodological parsimony. This was neces-
sary because flexible residual models may improve station-level validation metrics while
introducing unstable spatial artefacts when extrapolated to the full prediction grid [13,47].
The comparison therefore evaluated whether residual modelling provided robust added
value beyond daily bias correction, or whether daily bias correction alone was sufficient for
producing a stable observation-calibrated PM2.5 surface.
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3.3.3. Validation

Different validation strategies were used for Stage 1 downscaling and Stage 2 calibra-
tion, because the two stages differ in both prediction target and spatial sampling structure.
In Stage 1, as a within-domain reconstruction diagnostic, k-fold random cross-validation
was used to determine whether the model can reproduce the CHAP-covariate relationship
for held-out 1 km pixels drawn from the same daily mapping domain. In Stage 2, however,
the target variable is ground-observed PM2.5 at unevenly distributed monitoring sta-
tions. Therefore, a stratified and buffered spatial cross-validation strategy was adopted for
Stage 2.

In Stage 1, we chose 10-fold CV for the XGBoost model and 5-fold CV for the TabICL
v2 model for computational reasons. Firstly, we calculated the model fitting R2 and 10-fold
CV R2 to evaluate the goodness of fit and prediction ability of the model. Secondly, we
evaluated the accuracy of the downscaled product. We used R2, RMSE, MAE and bias as
metrics, using ground PM2.5 as the observations and PM2.5 products as the estimations to
evaluate the accuracy of CHAP-PM2.5 and Stage 1 PM2.5. The equations of the metrics
above can be written as (9), (10), (11) and (12):

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − y)2 , (9)

RMSE =

√
∑n

i=1(ŷi − yi)
2

n
, (10)

MAE =
∑n

i=1|ŷi − yi|
n

, (11)

bias = ∑ ŷi − yi
n

, (12)

where n represents the number of PM2.5 monitoring sites and i indexes the monitoring
sites. yi and ŷi are the ith PM2.5 observation and estimation, respectively. y is the average
PM2.5 observation at all sites.

In addition to pixel-level cross-validation at the training resolution, we assessed
whether the final 100 m Stage 1 products preserved the coarse-scale information of the
original CHAP-PM2.5 product. For each day in 2020 and for each Stage 1 model, the
100 m prediction raster was aggregated to the original 1 km CHAP-PM2.5 grid using
the arithmetic mean. The original and aggregated values were compared using the bias
and RMSE. Metrics were calculated by month. This analysis evaluated the coarse-grid
consistency of the final 100 m maps rather than their agreement with independent ground
observations. For each Stage 1 model, out-of-fold predictions for individual 1 km grid
cells were also stratified by terrain type, and monthly R2 and RMSE were calculated
separately for flat and rugged terrain. The stratification methodology is described in
Supplementary Material S3.

Stage 2 calibration was evaluated using terrain-stratified and buffered 10-fold site-
based cross-validation. This design combined two components. First, the monitoring sites
were stratified according to their surrounding terrain context to maintain representation of
both flat and rugged environments in each validation fold. Second, spatial buffers were
applied around the validation sites to control spatial dependence between the training and
validation samples [35–37,39].

Terrain context was derived from the Global Relief Classes (GRC) dataset at 1 arcsec
resolution [40]. At Level 2 of the GRC classification, codes 11–14 represent flat terrain at
different elevation levels, whereas codes 21–25 represent rugged terrain at different relief
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levels. These subclasses were combined into two broad terrain groups: flat and rugged
terrain. The detailed procedure is described in Supplementary Material S3.

To select a buffer appropriate for the spatial configuration of the monitoring network,
we adapted the spatial-distance CV framework of Li et al. [39]. For each candidate buffer,
we calculated the mean distance from the held-out validation sites to their nearest retained
training sites after spatial exclusion. The buffer was then selected by comparing this
distance with the mean distance from prediction grid cells to their nearest monitoring
sites in the complete network. Matching these two distances makes the prediction task
represented by cross-validation comparable to that encountered during final mapping.
Among the buffer distances evaluated, 2 km produced the closest match. We therefore
report results for both 0 km (site-based cross-validation), as the grouped cross-validation
baseline, and 2 km, as the buffered validation scenario designed to represent the spatial
conditions of final prediction. We then extended this analysis to include 5 km, 10 km, 20
km and 30 km buffers to specifically evaluate the prediction accuracy at locations far from
the observations. Details are provided in Supplementary Material S5.

Within each fold, the daily mean bias was calculated using only the retained training
sites after buffer exclusion. For date t, the bias was calculated as the mean difference
between ground observations and the corresponding Stage 1 estimates among the retained
training sites. This training-derived daily bias was then applied to the validation observa-
tions from the same date. If no retained training observation was available for a particular
validation date, the mean residual across all retained training records within that month
was used as the fallback bias.

For the residual-modelling methods, the daily bias was first removed from the training
residuals. The remaining residuals from the retained training sites were pooled within
the corresponding month to fit one month-specific XGBoost or TabICL v2 model. The
predictors were the Stage 1 PM2.5 estimate, AOD, temperature, and precipitation. The final
prediction for each held-out observation was obtained by adding the Stage 1 estimate, the
training-derived daily bias, and the predicted local residual. Thus, neither the daily bias
nor the residual model used observations from the validation sites.

After completing all 10 folds, the out-of-fold predictions in each month were pooled
to calculate R2, RMSE, MAE, bias, and validation slope. These metrics were calculated
for all validation observations and separately for sites in the flat-dominated and rugged-
dominated terrain contexts.

3.3.4. Significance Test of Performance Improvements

To evaluate whether the performance improvements in Stage 2 were statistically
significant, we applied a site-level bootstrap procedure to the pooled out-of-fold validation
results in Stage 2. Because repeated daily observations from the same monitoring site
are not independent, significance was not assessed by treating all station-day records as
independent samples. Instead, bootstrap resampling was performed at the monitoring-site
level. In each bootstrap iteration, monitoring sites were sampled with replacement within
a given month. Whenever a site was selected, all pooled validation observations associated
with that site were retained in the resampled dataset. These were used to calculate the
validation metrics. This procedure was repeated 2000 times for each month, yielding
empirical bootstrap distributions of the performance differences.

Statistical significance of the performance improvements was evaluated from the
bootstrap distributions using two-sided bootstrap p-values, testing whether the improve-
ment differed from zero. Improvements were considered statistically significant when the
bootstrap p-value was less than 0.05, with significance levels reported as p < 0.05, p < 0.01,
and p < 0.001.
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3.3.5. Assessment of Scale Transferability

Models developed at coarse spatial resolutions may not be directly transferable at
higher resolutions due to scale effects [30]. We assessed scale transferability using three
complementary analyses: (1) coefficient-side: coefficient similarity, (2) output-side: predic-
tion difference, and (3) simulation-based fine-scale recoverability. Each analysis was first
conducted for the complete study area and was subsequently repeated separately for flat
and rugged terrains.

Coefficient-Side: Coefficient Similarity Test

The coefficient-side analysis examined whether predictor effects remained stable
when the same PM2.5-predictor relationship was estimated at different spatial resolutions.
Multiple linear regression was used for this analysis because its coefficients provide an
explicit and comparable description of model structure. The 1 km PM2.5 raster and
predictor stack were aggregated to resolutions from 2 km to 8 km, and linear models were
fitted at each resolution. Because aggregation changes the number of available grid cells,
each model was fitted using a fixed sample size of 1000 pixels, and the sampling procedure
was repeated 200 times to obtain coefficient distributions.

Similarity between coefficient distributions was quantified using the Bhattacharyya
coefficient (BC), which measures the overlap between two probability distributions and
ranges from 0 to 1 [48]. For each predictor, BC was calculated between the standardized
coefficient distributions obtained at two resolutions. For variable j, denote the distribution
of coefficients under resolution s1, s2 as f j, s1 and f j, s2 respectively, we have:

BCj(s1, s2) =
∫ √

f j,s1(x) f j,s2(x)dx, 0 ≤ BCj ≤ 1. (13)

To ensure that agreement on influential predictors contributed more strongly to the
overall similarity score, predictor-specific BC values were weighted by their relative impor-
tance, measured using the Lindeman, Merenda and Gold (LMG) metric [49]. For each pair
of resolutions, the mean LMG contribution of each predictor across the two resolutions
was normalized so that the weights summed to one. The weighted coefficient similarity
between resolutions s1 and s2 was calculated as:

BCweighted(s1, s2) = ∑p
j=1 wj(s1, s2)BCj(s1, s2), (14)

where wj(s1, s2) is the normalized average LMG weight of predictor j across the two
resolutions. Higher weighted BC values indicate greater similarity in model structure
across spatial resolutions, while lower values indicate weaker scale transferability in the
estimated PM2.5-predictor relationship.

Output-Side: Test of Differences in Transferred Predictions

The output-side analysis evaluated whether models trained at coarser resolutions
could reproduce the original 1-km PM2.5 field when applied back to the 1 km predictor
grid.

For each day, the 1-km predictor stack and the 1-km PM2.5 target were first aggregated
to a sequence of training resolutions from 2 km to 8 km. At each training resolution
s, an XGBoost model was trained using the aggregated predictors and the aggregated
PM2.5 target. The fitted model was then applied back to the original 1-km predictor stack,
generating a transferred 1 km prediction from a model trained at resolution s. The signed
transfer difference was defined as:

Ds,t(i) = Ŷs→1km,t(i)− Y1km,t(i), (15)
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where Y1km,t(i) is the original 1 km PM2.5 value for pixel i on day t, and Ŷs→1km,t(i) is
the corresponding prediction at the same 1 km pixel generated by the model trained at
resolution s. A value of Ds,t(i) close to zero indicates that the model trained at resolution s
can reproduce the original 1 km PM2.5 value at that location, whereas larger positive or
negative values indicate increasing local transfer error.

For each day and training resolution, the signed transfer differences were summarised
using their variance. Monthly mean variances were then calculated to evaluate how transfer
sensitivity changed with training resolution. In addition, the transferred predictions were
compared with the original 1 km PM2.5 product using R2, RMSE, and regression slope.
These metrics assessed overall agreement, error magnitude, and preservation of the PM2.5
dynamic range, respectively.

Simulation-Based Assessment of Sub-Kilometre Heterogeneity Recoverability

Direct validation of the 1 km-to-100 m transfer was not possible because no spatially
continuous 100 m PM2.5 reference surface was available. Therefore, a simulation-based
recoverability experiment was conducted to evaluate whether the Stage 1 downscaling
framework could recover sub-kilometre heterogeneity under controlled conditions.

A synthetic 100 m PM2.5 truth was generated using the Stage 1 predictors on 1st
January 2020, including AOD, temperature, precipitation, DEM, population density, build-
ing height, nighttime light, road length, and POI density. The synthetic truth combined
predictor-driven effects, weak nonlinear and interaction terms, a broad spatial trend, and
a smoothed residual component to represent fine-scale spatial heterogeneity not fully
explained by the predictors. Details are provided in Supplementary Material S4.

The synthetic 100 m truth was then aggregated to 1 km using mean aggregation
and treated as the coarse-resolution target. The predictors were also aggregated to 1 km
to construct the training dataset. The downscaling models were trained using the 1 km
synthetic target and the aggregated predictors and were then applied back to the original
100 m predictors. This design mirrors the main Stage 1 downscaling setting, but with the
advantage that the 100 m PM2.5 field is known.

Five approaches were compared. Uniform disaggregation assigned each 1 km value di-
rectly to all 100 m pixels within the corresponding 1 km cell, representing a no-heterogeneity
baseline. Single-predictor redistribution used the high-resolution predictor most strongly
correlated with the 1 km synthetic target to redistribute each 1 km value within its corre-
sponding 1 km cell while preserving the cell mean. Three model-based approaches were
then tested: linear regression, XGBoost, and TabICL v2. All three were trained at 1 km and
applied to the 100 m predictor grid.

The recoverability of fine-scale heterogeneity was evaluated using four metrics: het-
erogeneity explained variance (HEV), variability ratio (VR), ranom, and rsd. For each 100 m
pixel i, the within-cell heterogeneity was defined as:

Htruth
i = Ytruth

i − Ytruth
c(i) , (16)

Hpred
i = Ypred

i − Ypred
c(i) , (17)

where Htruth
i and Hpred

i denote the within-cell heterogeneity of the true and predicted
100 m pixels, respectively. c(i) denotes the 1 km cell to which pixel i belongs, and Yc(i)
denotes the corresponding within-cell mean. Based on these heterogeneities, four indicators
were used.
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First, heterogeneity explained variance (HEV) was defined as:

HEV = 1 − ∑ i(Hpred
i − Htruth

i )2

∑ i(Htruth
i )2

, (18)

which measures the proportion of within-cell heterogeneity variance recovered by the
prediction. Analogous to the coefficient of determination R2, HEV represents the proportion
of variance explained by the prediction; however, it is calculated for within-cell deviations
from the respective coarse-cell means and therefore specifically measures the proportion of
sub-grid heterogeneity variance recovered by the model.

Second, the variance ratio (VR) was calculated as:

VR =
Var

(
Hpred

i

)
Var

(
Htruth

i
) , (19)

which quantifies whether the amplitude of the recovered heterogeneity is attenuated
(VR < 1), preserved (VR ≈ 1), or exaggerated (VR > 1).

Third, the Pearson correlation between truth and predicted heterogeneities was calcu-
lated as:

ranom = cor
(

Htruth
i , Hpred

i

)
, (20)

which evaluates how well the spatial pattern of within-cell heterogeneity is reproduced.
Fourth, for each 1 km cell c, the strength of within-cell heterogeneity was summarised

by the standard deviation (SD) of the heterogeneities:

SDtruth
c = SD

(
Htruth

c

)
, SDpred

c = SD
(

Hpred
c

)
, (21)

and the Pearson correlation between these quantities was computed as:

rsd = cor
(

SDtruth
c , SDpred

c

)
, (22)

which evaluates whether the model correctly identifies which 1 km cells are internally more
heterogeneous than others.

This experiment does not directly demonstrate that real PM2.5 satisfies scale invariance
below 1 km. It is a controlled recoverability assessment with a known synthetic truth.
Rather, it provides a controlled test of whether the Stage 1 framework can recover predictor-
supported sub-kilometre heterogeneity when such heterogeneity is known to exist in the
fine-scale truth but has been hidden in the aggregated coarse-resolution PM2.5 products.

Terrain-Stratified Implementation of the Scale-Transferability Analyses

To examine whether scale transferability differed between terrain types, the three
analyses described above were repeated separately for flat and rugged areas. Terrain
classification followed the GRC dataset and the definitions described in Section 3.3.3 and
the methodology in Supplementary Material S3.

Terrain stratification reduced the number of valid pixels available for model fitting,
particularly at coarser resolutions. Therefore, in the coefficient-side analysis, the number
of sampled grid cells in each repetition was reduced from 1000 to 400, and the maximum
spatial resolution considered was reduced from 8 km to 6 km. The sampling procedure was
still repeated 200 times. All other settings, including the regression specification, coefficient
standardisation, LMG-based importance weighting, and calculation of the Bhattacharyya
coefficient, remained unchanged. The settings of the output-side and simulation experi-
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ments were also identical to those used in the corresponding full-domain analyses, apart
from the terrain-specific masking and separate model fitting.

3.3.6. Prediction Intervals

To assess predictive uncertainty in the final calibrated PM2.5 product, prediction
intervals were estimated for the Stage 2 remaining residual, following the same correc-
tion structure as the Stage 2 point-prediction model (i.e., Stage 1 PM2.5 + daily bias +
remaining residual). Quantile prediction [50] was applied to the local residual, and the
resulting residual interval was added back to the Stage 1 estimate and the fold-specific daily
mean residual to obtain the final PM2.5 prediction interval. The 0.05 and 0.95 quantiles
were used to construct a nominal 90% raw quantile interval. Details are provided in the
Supplementary Material S13.

3.3.7. PM2.5 Aggregation for Exposure Assessment

A key advantage of the 100 m PM2.5 product over the original 1 km product is
that it enables finer-scale aggregation for small spatial units and supports more detailed
assessment of population exposure within those units. PM2.5 exposure was therefore
further summarised for Shounan Street, Yinzhou District and the adjacent University of
Nottingham Ningbo China (UNNC) in Ningbo using both area-weighted and population-
weighted aggregation. The 100 m gridded population dataset for China in 2020 from Chen
et al. [43] was used as the common aggregation grid. For each spatial unit, the original
1 km CHAP-PM2.5 product and the Stage 2 100 m product were aligned to the same
100 m population grid using nearest-neighbour resampling. The 1 km CHAP-PM2.5 values
were assigned to the corresponding 100 m population-grid cells, while the Stage 2 values
were matched to the nearest 100 m population-grid cells. To ensure a fair comparison, only
100 m cells that were fully located within the target spatial unit and had valid PM2.5 values
in both products were retained.

Area-weighted PM2.5 was calculated as the arithmetic mean of PM2.5 values across
the retained 100 m cells, because all retained cells were treated as equal-area grid cells.
Population-weighted PM2.5 was calculated by weighting each retained cell by its resident
population. The difference between the area-weighted and population-weighted estimates
was used to quantify the effect of within-unit population distribution on estimated PM2.5
exposure. Differences between the Stage 2 product and the original CHAP-PM2.5 prod-
uct were then calculated to evaluate how the calibrated high-resolution surface affected
exposure estimates in the selected spatial units. The detailed demonstration is provided in
Supplementary Material S10.

4. Results
4.1. Validation of the CHAP-PM2.5 Product

The original CHAP-PM2.5 product was validated in Zhejiang Province in 2020 using
daily ground-based observations (Figure 3). The product shows good agreement with
observations (R2 = 0.73, RMSE = 7.96 µg/m3, MAE = 5.58 µg/m3). The scatterplot also
shows a systematic pattern where the fitted regression line has a slope smaller than 1, sug-
gesting that high concentrations are underestimated while low concentrations are slightly
overestimated. This is common for PM2.5 prediction models [16,26,51]. This implies a
tendency toward smoothing, where extreme PM2.5 values are compressed toward the mean.
The intercept of around 8 further indicates a baseline offset, meaning even when observed
PM2.5 is low, the product still predicts a moderate background concentration. Together,
these features suggest that the coarse-resolution PM2.5 product captures general spatial
trends but tends to underestimate pollution peaks and overpredict cleaner conditions.
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Figure 3. Validation of the CHAP-PM2.5 product using ground observations in Zhejiang Province.

4.2. Scale-Invariance Assumption
4.2.1. Coefficient-Side: Coefficient Similarity Test

Figure 4 presents the monthly cross-scale stability of PM2.5-predictor relationships,
measured using the LMG-weighted Bhattacharyya coefficient of standardized regression
coefficients. Overall, coefficient-distribution similarity decreases as the spatial-resolution
gap increases. Adjacent or near-adjacent resolution pairs show the highest similarity,
including 1 km–2 km, 2 km–3 km, and 3 km–4 km, with mean similarities of 94.8%, 96.8%,
and 94.1%, respectively. In contrast, larger-gap comparisons show lower similarities, such
as 1 km–8 km, 2 km–8 km, and 4 km–8 km, with mean values of 55.0%, 60.8%, and
69.5%, respectively.

Importantly, the results indicate that cross-scale similarity is affected by both the abso-
lute and relative differences between spatial resolutions. For example, among resolution
pairs with a doubling relationship, the mean similarity decreases from 94.8% for 1 km–2 km
to 89.9% for 2 km–4 km and 69.5% for 4 km–8 km, suggesting that larger absolute differ-
ences can reduce similarity even when the relative scale ratio is the same. The examples
with a difference of 1 km all show a very high similarity above 90%, with low variability.
The wider shaded bands for larger-gap pairs further suggest greater day-to-day variability
in cross-scale similarity. These findings suggest that PM2.5-predictor relationships are
more transferable between similar spatial supports, while the absolute difference is more
important than the relative difference in determining the similarity.

4.2.2. Output-Side: Model Prediction Difference Test

The output-side transfer experiment provided consistent evidence for the scale effect as
shown in Figure 5. In 2020, the monthly mean variance of the transfer difference increased
monotonically with training scale, indicating that models trained at coarser resolutions
became progressively less capable of reproducing the original 1-km PM2.5 field when
transferred back to the 1-km predictors. This result is consistent with the weighted-BC
analysis above: as the scale gap increases, not only does coefficient similarity decline, but
the transferred outputs themselves also deviate increasingly from the fine-resolution target.
The monotonic increase in transfer variance across scales therefore provides output-side
support for the conclusion that the scale-invariance assumption weakens as the difference
between training scale and application scale becomes larger. Monthly differences in transfer
sensitivity were also evident, as the magnitude of transfer variance differed substantially
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among months. The highest transfer variance and transfer sensitivity were observed in
December and January. These two months also have the widest PM2.5 concentration ranges,
suggesting that transfer sensitivity is likely influenced by monthly PM2.5 variation and the
amount of fine-scale information lost during spatial aggregation.

Figure 4. Monthly cross-scale stability of PM2.5-predictor relationships between spatial resolutions
(2020). Points represent the monthly mean of daily similarity values; the shaded band represents the
within-month interquartile range of daily similarity values. The dashed horizontal line shows the
overall mean similarity for each resolution pair.

Figure 5. The monthly mean variance of the transfer difference in 2020. Month order means the order
of months in the corresponding season (e.g., March, April, May).
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Figure 6 compares the transferred predictions with the original 1 km CHAP-PM2.5
target after models trained at different spatial resolutions were projected back to the 1 km
grid. A consistent scale-dependent pattern is observed across all months. As the training
scale becomes coarser from 1 km to 8 km, R2 gradually decreases, RMSE increases, and the
regression slope declines. This indicates that models trained at coarser resolutions become
progressively less able to reproduce the original 1 km PM2.5 field [19,20,23]. The decline in
R2 reflects a weakening agreement between the transferred predictions and the 1 km target,
while the increase in RMSE indicates larger prediction discrepancies. More importantly, the
decreasing slope suggests that coarse-trained models increasingly compress the dynamic
range of the 1 km PM2.5 field, meaning that high values tend to be underestimated and
low values tend to be overestimated. Although the absolute performance differs among
months, the direction of change is consistent, showing that the loss of prediction-target
agreement is systematic rather than month-specific. These results provide output-side
evidence that PM2.5-predictor relationships are sensitive to training resolution and that
models calibrated at coarser scales cannot fully preserve the magnitude and variability of
the original 1 km product when transferred back to a finer grid.

Figure 6. Effect of training scale on the agreement between transferred predictions and the original
1 km CHAP-PM2.5 target. Models were trained at spatial resolutions from 1 km to 8 km and then
projected back to the 1 km predictor grid.

4.2.3. Simulation-Based Recoverability of Sub-Kilometre Heterogeneity

The comparison of five methods showed clear differences (Figure 7, Table 2). Uni-
form disaggregation, by construction, produced no within-cell heterogeneity and therefore
yielded zero values for all heterogeneity-recovery metrics. The single-predictor redistribu-
tion baseline introduced strong sub-grid variation, but this variation was largely unrealistic.
This is reflected by its strongly negative HEV and extremely inflated variance ratio, despite
only weak agreement with the true heterogeneity pattern. This indicates that redistributing
the 1 km mean according to a single high-resolution covariate can severely over-amplify
local heterogeneity and generate largely spurious fine-scale structure.
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Figure 7. Regional and zoomed comparison of the synthetic 100 m truth, aggregated 1 km truth, and
100 m predictions from the linear model, XGBoost, and TabICL v2. The lower zoomed maps cover
central Hangzhou.

Table 2. Comparison for simulation-based sub-kilometre heterogeneity recoverability.

Method HEV VR ranom rsd

Uniform 0 0 0 0
Single-predictor (road) −167.07 177.34 0.39 0.17

Linear model 0.50 1.05 0.75 0.9
XGBoost 0.73 0.50 0.87 0.95

TabICL v2 0.74 0.50 0.87 0.95

The linear model recovered part of the within-cell heterogeneity. Its VR was close
to one (1.05), indicating that the overall magnitude of within-cell variability was similar
to that of the synthetic truth. However, this does not necessarily imply more accurate
heterogeneity recovery. Compared with XGBoost and TabICL v2, the linear model had
lower HEV and ranom, suggesting weaker agreement with the true fine-scale heterogeneity
pattern. The zoomed maps in Figure 7 also show that the linear model produced locally
scattered high and low values, which are likely related to linear extrapolation when the
model trained at 1 km was applied to the 100 m predictor stack. Thus, the linear model
reproduced a relatively large amount of variability, but part of this variability appears
spatially unstable rather than accurately aligned with the true 100 m pattern.

The two nonlinear models achieved the strongest overall recoverability. XGBoost
obtained HEV = 0.73, ranom = 0.87, and rsd = 0.95, while TabICL v2 produced very similar
results, with HEV = 0.74, ranom = 0.87, and rsd = 0.95. These results indicate that both
models recovered the spatial pattern of within-cell heterogeneity more accurately than
the uniform, single-predictor, and linear-model baselines. Their VR values were approxi-
mately 0.50, indicating that the amplitude of the recovered sub-grid variability was attenu-
ated. This attenuation is expected because the models were trained using the aggregated
1 km synthetic target rather than the original 100 m truth. During aggregation, part of the
100 m within-cell variance is smoothed out and is no longer explicitly present in the train-
ing target. As a result, a model calibrated at 1 km can still use high-resolution predictors
to recover the relative spatial arrangement of fine-scale heterogeneity, but it has limited
ability to reconstruct the full variance that was removed by spatial averaging. In other
words, XGBoost and TabICL v2 captured the spatial pattern of fine-scale heterogeneity
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more reliably than the baselines, but their predictions remained compressed relative to the
true 100 m field.

Figure 7 provides a visual comparison of these results. The upper row shows the
regional-scale maps, while the lower row shows the zoomed area over central Hangzhou.
In the regional maps, all model-based predictions broadly reproduce the large-scale spatial
gradients in the synthetic truth. However, the differences become clearer in the zoomed
maps. The aggregated 1 km truth shows the expected coarse and blocky structure, whereas
the 100 m predictions recover finer spatial detail. The linear model introduces more local
speckled variation and isolated extreme patches, consistent with its larger VR. By contrast,
the XGBoost and TabICL v2 predictions are visually smoother but more consistent with
the main spatial organisation of the synthetic 100 m truth, including the broad locations
of high-value zones, surrounding lower-value areas, and several locally connected linear
and patch-like features. These visual patterns are consistent with the heterogeneity-based
metrics: Stage 1 downscaling can recover a substantial part of the sub-kilometre spatial
pattern, but the full amplitude of fine-scale variability is not completely restored.

4.2.4. Terrain-Stratified Differences in Scale Transferability

The coefficient-side analysis showed a consistent scale-dependent decline in both
terrain types (Table 3). The mean LMG-weighted BC decreased as the difference between
the two spatial resolutions increased in both flat and rugged terrain. However, rugged
terrain had a higher mean weighted BC than flat terrain for all ten resolution pairs examined.
The terrain difference was relatively small between similar resolutions but became more
pronounced for larger scale gaps. Thus, across the kilometre-scale resolution contrasts
examined here, the estimated coefficient distributions were more stable, and therefore less
sensitive to changes in the spatial resolution, in rugged terrain than in flat terrain.

Table 3. Mean LMG-weighted Bhattacharyya coefficient for flat and rugged terrain across the km-scale
resolution pairs. The difference Rugged − Flat is expressed as a percentage.

Resolution Pair (km) Flat (%) Rugged (%) Difference

1–2 94.1 97.8 3.7
1–3 91.4 96.2 4.8
1–4 86.3 91.4 5.1
1–5 80.5 87.7 7.2
1–6 74.3 87.6 13.3
2–3 96.3 97.6 1.3
2–4 92.2 94.1 1.9
2–6 82.3 90.7 8.4
3–4 94.7 96.6 1.9
3–6 85.6 94.0 8.4

The output-side results showed that model performance deteriorated with increasing
training scale in both terrain types, but the rate of deterioration was greater in flat terrain
(Figure 8). Consequently, although flat terrain retained a higher absolute R2 at every
training scale and a higher slope at most scales, the advantage decreased as the training
resolution became coarser. Flat terrain had lower RMSE and MAE at 1 km, but these errors
exceeded those in rugged terrain from approximately 2 km onwards. Bias remained small
in both terrain types, particularly up to 6 km, indicating that the principal deterioration
concerned local prediction-target agreement and dynamic-range preservation rather than
a strong overall shift in the mean. These within-terrain changes indicate that, across the
1–8 km range examined, transferred outputs in flat terrain were more sensitive to reduced
training resolution. Nevertheless, differences in model performance among terrain types
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should be interpreted cautiously. RMSE and MAE are scale-dependent and should be
considered relative to the terrain-specific mean concentration and standard deviation.

Figure 8. Terrain-stratified output-side transfer performance across training resolutions. Terrain-
specific XGBoost models were trained at resolutions from 1 to 8 km and evaluated against the original
1 km CHAP-PM2.5 target within the corresponding 1 km terrain stratum. Points show the mean daily
RMSE, MAE, bias, R2, and regression slope in 2020.

The simulation experiment showed a different terrain contrast in the recovery of
sub-grid heterogeneity (Table 4). Both nonlinear models achieved higher HEV, VR, and
ranom in flat terrain than in rugged terrain, indicating substantially stronger recovery of
fine-scale heterogeneity in flat areas. In contrast, rsd differed little between the two terrain
types and was slightly higher in rugged terrain, indicating that the nonlinear models were
similarly capable of identifying the relative spatial pattern of 1 km cells with higher or lower
within-cell variability. However, the substantially lower VR in rugged terrain indicates
that the magnitude of this variability was less fully recovered, even though its relative
spatial distribution was well captured. The linear model did not follow the same pattern,
showing higher HEV and correlation metrics in rugged terrain. The terrain contrast in
recoverability was therefore model- and metric-dependent in this experiment. Nevertheless,
for the nonlinear models used in Stage 1, the stronger recovery of within-cell heterogeneity
in flat terrain was qualitatively consistent with the higher R2 observed in this terrain type
in the output-side experiment.

Taken together, the three lines of evidence show that scale transferability was partial
and terrain-dependent. The coefficient-side analysis indicates that PM2.5–predictor rela-
tionships were not strictly invariant across kilometre-scale spatial supports and changed
more substantially as the scale gap increased. The output-side test further shows that, when
models trained at increasingly coarse resolutions were projected back onto the 1 km grid,
spatial detail and dynamic range were progressively lost. Although these two analyses
do not directly test the sub-kilometre domain, they demonstrate that scale invariance is
already unstable across kilometre-scale supports and therefore should not be assumed for
the transfer from 1 km to 100 m. Nevertheless, the simulation experiment demonstrates
that coarse-resolution training does not imply a complete inability to generate sub-grid
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variation. Nonlinear Stage 1 models reconstructed a substantial proportion of fine-scale het-
erogeneity and recovered spatial patterns absent from the aggregated 1 km target. However,
because spatial aggregation had already removed part of the local variance and extremes
from the training target, the range of predicted 100 m values remained compressed relative
to the synthetic truth.

Table 4. Terrain comparison for simulation-based sub-km heterogeneity recoverability.

Terrain Method Best Single Predictor HEV VR ranom rsd

Flat Uniform / 0 0 0 0
Flat Single predictor Building Height −79.30 90.27 0.58 −0.24
Flat Linear model / 0.54 1.13 0.78 0.77
Flat XGBoost / 0.85 0.65 0.93 0.93
Flat TabICL v2 / 0.86 0.67 0.94 0.94

Rugged Uniform / 0 0 0 0
Rugged Single predictor AOD −31.78 32.58 0.07 0.17
Rugged Linear model / 0.62 0.85 0.80 0.92
Rugged XGBoost / 0.65 0.34 0.85 0.94
Rugged TabICL v2 / 0.67 0.38 0.85 0.94

Terrain did not uniformly increase or reduce scale transferability. Instead, different
components of transferability exhibited different terrain-dependent patterns: coefficient
distributions were more stable across scales in rugged areas, whereas nonlinear models
recovered a larger proportion of sub-grid heterogeneity in flat areas. Importantly, the
greater coefficient stability observed in rugged areas did not translate into uniformly better
output-side performance or stronger nonlinear heterogeneity recovery. Coefficient stability,
reproduction of the 1 km target, and recovery of within-cell variation therefore represent
distinct aspects of scale transferability.

4.3. Validation of Stage 1

To evaluate the consistency of the Stage 1 predictions, these were aggregated and
compared to the original CHAP-PM2.5 product (Supplementary Material Section S6). This
yielded a bias less than 0.1 µg/m3 and an RMSE between 0.5 and 2 µg/m3. While Stage 1
is not a mass-preserving model, the aggregated values were consistent with the original
CHAP-PM2.5 product.

Figure 9 shows the validation results of the XGBoost-based Stage 1 downscaling
model against the original 1 km CHAP-PM2.5 product in 2020. The full figure including
both model fitting and 10-fold random cross-validation can be found in Supplementary
Material Figure S15. Overall, the 10-fold cross-validation results show strong agreement
with the CHAP-PM2.5 target, although the scatter becomes slightly more dispersed than in
the model-fitting panels (Figure S15). This difference is expected, because the validation
predictions are generated for held-out pixels that were not used for model fitting. Compared
with the fitting results, cross-validation shows modest reductions in R2 and slightly greater
spread around the 1:1 line, indicating some loss of predictive accuracy when the model
is applied to unseen samples. Nevertheless, the overall validation performance remains
high in every month, with slopes still close to 1 and bias values remaining very small.
Taken together, these results suggest that the XGBoost-based Stage 1 model has a strong
ability to learn and generalize the coarse-grid PM2.5-predictor relationship. A comparison
of the flat and rugged terrain showed that their RMSE (difference < 0.01 µg/m3) and R2

(difference < 0.01) were very similar (Supplementary Material S7, Figure S8).
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Figure 9. Monthly 10-fold random cross-validation of the Stage 1 XGBoost vs. original 1 km CHAP-
PM2.5. Density-coloured scatterplots show monthly out-of-fold predictions for 2020.

Note that this Stage 1 validation does not represent an independent assessment against
ground observations. Instead, it evaluates how well the downscaling model can reproduce
the original CHAP-PM2.5 raster used as the training target. Therefore, the purpose of
Figure 9 is to assess the internal consistency and transferability of the Stage 1 model with
respect to the coarse-resolution PM2.5 product, rather than to demonstrate improvement
in agreement with monitoring-site observations. The latter is examined separately in the
following Stage 1 product validation against ground PM2.5 observations.

For computational reasons, the Stage 1 validation for TabICL v2 was presented in a
slightly different form. Unlike XGBoost, TabICL v2 is computationally much more expen-
sive (approximately 40 min versus 1 min for one day prediction, details in Supplementary
Material S2). As a result, repeating the validation procedure over large pixel-level datasets
is substantially more time-consuming. Therefore, TabICL v2 was evaluated using 5-fold
random cross-validation instead of 10-fold cross-validation, in order to reduce computa-
tional burden while still providing out-of-fold predictions for all validation samples. In
addition, only the cross-validation scatterplot was reported for TabICL v2.
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Figure 10 shows the 5-fold cross-validation performance of the TabICL v2-based Stage
1 model against the 1 km CHAP-PM2.5 target. Across all months, the predicted values
are tightly concentrated around the 1:1 line, with very high cross-validated R2 values and
low RMSE and MAE. The agreement remains strong in both low-concentration months
and high-concentration months, indicating that TabICL v2 can effectively reconstruct the
spatial and temporal variation in the original CHAP-PM2.5 product at the 1 km scale.
Compared with the XGBoost-based Stage 1 validation, the TabICL v2 scatterplots generally
show tighter agreement with the CHAP-PM2.5 target and slightly stronger validation
metrics, even though TabICL v2 was evaluated using 5-fold rather than 10-fold cross-
validation. Because 5-fold cross-validation uses a smaller proportion of the data for training
in each fold than 10-fold cross-validation, this result suggests that TabICL v2 has strong
generalisation ability and may provide better Stage 1 reproduction of the CHAP-PM2.5
target than XGBoost. A comparison of the flat and rugged terrain showed that their RMSE
(difference < 0.01 µg/m3) and R2 (difference < 0.01) were very similar (Figure S8).

Figure 10. Monthly 5-fold cross-validation of the Stage 1 TabICL v2 vs. original 1 km CHAP-PM2.5.
Density-coloured scatterplots show monthly out-of-fold predictions for 2020.
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4.4. Validation of Stage 2

Stage 2 was evaluated from three complementary perspectives: its month-specific
improvement over the CHAP-PM2.5 under the primary 2 km exclusion buffer, its sensitivity
to increasing validation-to-training separation (using increasingly larger buffers), and its
performance across flat and rugged terrain contexts.

4.4.1. Monthly Improvements Under the 2 km Exclusion Buffer

Under the 2 km training-site exclusion buffer, all three Stage 2 calibration methods
improved R2, RMSE, and slope error relative to the original CHAP-PM2.5 product in every
month and for both Stage 1 sources (Figure 11). The bias + TabICL v2 method consistently
produced the largest improvements, followed generally by bias plus XGBoost, whereas
bias-only calibration produced the smallest gains. The magnitude of improvement varied
seasonally. Reductions in RMSE were particularly pronounced in months with relatively
large errors in the original CHAP product, while significant improvements in R2 were also
evident during months with lower PM2.5 concentrations. The similar monthly patterns
obtained from the two Stage 1 sources indicate that the benefits of Stage 2 calibration
were not strongly dependent on the Stage 1 model. Detailed performance metrics and
significance test results for 0 and 2 km buffered CV are presented in Tables S9 and S10.

Figure 11. Monthly improvements in Stage 2 validation performance relative to the original CHAP-
PM2.5 under a 2 km training-site exclusion buffer. Rows show changes in R2, RMSE, and slope error
for the two Stage 1 sources, and columns represent the 12 months. Values above the bars show the
improvement relative to CHAP-PM2.5. Positive values consistently indicate improvement.

4.4.2. Sensitivity to Training-Site Exclusion Distance

Stage 2 performance weakened as the training-site exclusion buffer increased from 0 to
30 km (Figure 12). This decline was steepest between 0 and 2 km and was most evident for
bias plus TabICL v2. For exclusion distances greater than 5 km, the decline in performance
is shallow. Nevertheless, the Stage 2 methods continued to improve R2, RMSE, MAE, and
regression slope relative to the CHAP-PM2.5 product and Stage 1 predictions even under
the 30 km buffer. The patterns were nearly identical for the two Stage 1 sources. Increasing
the exclusion buffer progressively increased the separation between validation and training
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sites (Table S2). The mean distance to the nearest training site varied from 13 km for the
0 km buffer to 41 km for the 30 km buffer (2 km: 19 km; 5 km: 24 km; 10 km: 26 km;
20 km: 33 km). The nearest-pair residual correlation was also reduced (Figure S9), with
nearly identical patterns for the two Stage 1 sources. This reduction in residual dependence
was consistent with the attenuation of Stage 2 predictive performance at larger buffer
distances (see Supplementary Material S8 and Figure S9). Further analysis showed that 30%
of the province lay within 13 km of a monitoring station, 72% within 24 km and 10% lay
more than 33 km from a monitoring station (Table S3).

Figure 12. Annual mean sensitivity (2020) of Stage 2 validation performance to the training-site
exclusion buffer. Columns show results based on TabICL v2 and XGBoost Stage 1 predictions, while
rows show validation metrics for the different Stage 2 models.

4.4.3. Terrain-Stratified Validation

The terrain-stratified analysis revealed a metric-dependent contrast between flat and
rugged areas (Figure 13). Across most models and months, flat areas exhibited higher R2,
smaller absolute bias, and slopes closer to unity, indicating a stronger ability to reproduce
the observed concentration range. In contrast, rugged areas generally exhibited lower
RMSE and MAE in absolute concentration units. These patterns were consistent between
the two Stage 1 sources. Stage 2 calibration reduced, but did not completely eliminate, the
terrain-related differences observed for the CHAP-PM2.5 product and Stage 1 predictions.

The apparently contrasting results for R2 and the absolute error metrics can be ex-
plained partly by differences in the distribution of observed PM2.5 between the two terrain
classes. Table 5 shows that the annual mean (2020) observed PM2.5 concentration was
26.8 µg/m3 at flat sites and 22.0 µg/m3 at rugged sites, while the corresponding standard
deviations were 14.1 and 11.2 µg/m3, respectively. Although the Stage 2 RMSE was smaller
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in rugged areas, the normalized RMSE was larger in rugged areas. The lower absolute
RMSE in rugged areas was partly attributable to their smaller observed mean and con-
centration range. Relative to the magnitude of the observed PM2.5 variation, prediction
errors were larger in rugged terrain. For both terrains, Stage 2 modelling led to improved
accuracy compared to Stage 1. This pattern is consistent for all months (see Table S6).

Figure 13. Paired monthly differences in validation performance between flat and rugged terrain at a
2 km training-site exclusion buffer. Grey points represent monthly paired Flat-Rugged validation
metrics. Coloured points and horizontal bars represent the median and interquartile range across the
12 months. Positive values indicate better performance in flat terrain and negative values indicate
better performance in rugged terrain. Blue (orange) points indicate that the median difference favours
flat (rugged) terrain. Positive values consistently indicate better performance in flat terrain. For
detailed results used to produce this figure, see Supplementary Material S9.

Table 5. Terrain-specific PM2.5 observed at monitoring stations and Stage 1 and Stage 2 RMSEs.
TabICL v2 was used in Stage 1 and bias + TabICL v2 was used in Stage 2. The observed mean,
observed SD, and RMSE are annual values (2020), expressed in µg/m3. RMSE/SD is dimensionless.

Terrain Sites, n
Observed

PM2.5
Mean

Observed
PM2.5 SD

Stage 2
RMSE

Stage 2
RMSE/SD

Stage 1
RMSE

Stage 1
RMSE/SD

Flat 62 26.79 14.07 7.15 0.51 8.23 0.59
Rugged 36 22.03 11.17 6.54 0.59 7.64 0.68

4.5. Mapping Results

Figure 14 compares the original 1 km CHAP-PM2.5 product with the Stage 1 down-
scaled products generated by XGBoost and TabICL v2 on 15 January 2020 to illustrate the
spatial behaviour of different Stage 1 downscaling methods. This date was selected as
a representative daily example for visual comparison because it showed clear regional
PM2.5 gradients as well as visible local spatial variation in the zoom-in areas. At the
full-domain scale, both Stage 1 products preserve the large-scale spatial pattern of the
original CHAP-PM2.5 field. In the finest zoom-in view, both Stage 1 products introduce
sub-kilometre spatial detail that is absent from the original 1 km product, which remains
visibly blocky after zooming. The XGBoost product shows sharper local contrasts reflecting
the covariate data, whereas the TabICL v2 product shows smoother transitions between
neighbouring pixels. In terms of the local geographical setting (bottom panels), Ningbo
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Lishe International Airport and the surrounding rural and agricultural areas are located in
the lower-left part of the domain, mountainous terrain and a small lake occupy the upper
part, and the urban centre of Haishu District lies on the right-hand side of the domain.
PM2.5 concentrations are relatively low in the lower-left and upper parts of the domain but
increase toward the more urbanized area on the right. This spatial distribution is consistent
with the expected contrast between rural or mountainous environments and the densely
urbanized city. The corresponding satellite image, which provides additional land-surface
context, is presented in Supplementary Material S12 (Figure S11).

Figure 14. Comparison of the original CHAP-PM2.5 product and Stage 1 downscaled products on
15 January 2020. The first row shows the full study area, the second row shows a regional zoom-in
view of the Ningbo area and the third row shows a local zoom-in view. Black rectangles indicate the
zoom-in regions. The mid-range covers 100 × 100 km and the zoom-in covers 20 × 20 km.

Figure 15 compares the Stage 1 downscaled products and the corresponding
Stage 2 observation-calibrated products on 15 January 2020. The panels compare two
Stage 1 products and six Stage 2 calibrated products. In the Stage 2 panel labels, the first
model name denotes the Stage 1 downscaling model used to generate the 100 m PM2.5
surface, while the final model name denotes the residual model used in Stage 2. Overall,
Stage 2 correction substantially changes the concentration level of the Stage 1 products.
Compared with the two Stage 1 maps, all Stage 2 products show lower PM2.5 concentra-
tions over large parts of the study area. The daily bias correction on this date mainly applied
a negative adjustment to the Stage 1 products. The bias-only correction largely preserves
the broad spatial pattern of the corresponding Stage 1. In contrast, residual modelling
modified the local spatial pattern more strongly. The XGBoost residual correction produces
visible patch-like artefacts, especially in the zoom-in panels, regardless of whether the
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Stage 1 input was generated by XGBoost or TabICL v2. Similar artefacts have been reported
by other authors [47] who have performed XGBoost predictive modelling and by authors
who have used similar tree-based machine learning methods [13,52]. Details of Stage 2
artefacts are presented in Supplementary Material S11. The TabICL v2 residual correction
produces a smoother and more spatially coherent surface, with fewer fragmented artefacts
than the XGBoost residual correction, while still adjusting the Stage 1 product beyond a
simple additive bias shift. The zoom-in panels further show that the final spatial pattern is
influenced by both the Stage 1 downscaling model and the Stage 2 residual model. Overall,
the figure demonstrates that Stage 2 calibration improves the observation-constrained
product but can also alter spatial structure.

 

Figure 15. Mapping comparison of Stage 1 downscaling and Stage 2 observation-based calibration
methods on 15 January 2020. Other details as for Figure 14.
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4.6. Area-Weighted and Population-Weighted Aggregation

Figure 16 illustrates the local-scale differences between the original CHAP-PM2.5 prod-
uct and the final Stage 2 product in two selected small areas in Ningbo. The Stage 2 product
shown is the TabICL v2 + bias + TabICL v2 configuration (either Stage 1 model could be
used; we chose TabICL v2 for this demonstration). The two areas were selected because
they contain contrasting land-use and population settings. The central part of Shounan
Street contains Ningbo’s Southern Business District, which has a dense concentration of
businesses and housing, whereas its southwestern part is dominated by suburban farmland.
The University of Nottingham Ningbo China (UNNC) area has the UNNC campus in the
centre, residential neighbourhoods to the west, and farmland to the southeast. In Shounan
Street, the Stage 2 map reveals fine-scale variation that is not visible in the original 1 km
CHAP-PM2.5 product, including a low-concentration area over farmland in the south-
west, moderately higher concentrations to the north in residential land, and a narrow
high-concentration strip corresponding to a road crossing the farmland. In the UNNC
area, the Stage 2 product similarly distinguishes lower concentrations over farmland in
the southeast, elevated concentrations along a road to the southwest of the farmland, and
relatively higher concentrations in the northwestern school and residential area. These
land-use-related spatial contrasts are largely absent in the original CHAP-PM2.5 product,
demonstrating the added value of the calibrated 100 m surface for representing intra-urban
PM2.5 heterogeneity, thereby addressing both bias and spatial-resolution limitations.

Figure 16. Comparison of satellite imagery, gridded population, the original CHAP-PM2.5 product,
the Stage 2 PM2.5 prediction, and the 0.05 and 0.95 quantile prediction surfaces for Shounan Street
and the UNNC area in Ningbo on 15 January 2020. Satellite imagery was obtained from WorldView-3.
The Stage 2 product combines Stage 1 TabICL v2 and Stage 2 bias + TabICL v2 local residual modelling.
The dashed blue line indicates the UNNC area.
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Table 6 shows that the Stage 2 product produced consistently lower area-weighted and
population-weighted PM2.5 exposure estimates than the original CHAP-PM2.5 product
in both Shounan Street and the UNNC area, i.e., CHAP-PM2.5 overestimated the PM2.5
concentration. The difference between population-weighted and area-weighted estimates
was comparatively small, indicating that population weighting introduced a more moderate
adjustment than the change from the original 1 km surface to the calibrated 100 m surface.
Nevertheless, the direction of this adjustment varied by spatial unit and product, reflecting
differences in how population distribution overlapped with local PM2.5 patterns. At
both the street and UNNC scale, population-weighted estimates were higher than area-
weighted estimates for Stage 2 products, suggesting that population clusters overlapped
with areas of relatively high PM2.5 concentrations. These results suggest that the Stage
2 product can affect small-area exposure estimates while also supporting more detailed
population-weighted aggregation.

Table 6. Area-weighted and population-weighted PM2.5 exposure estimates for Shounan Street and
the University of Nottingham Ningbo China (UNNC) area on 15 January 2020.

Spatial Unit Product Area-Weighted
PM2.5

Population-Weighted
PM2.5 Difference

Shounan Street CHAP-PM2.5 1 km 71.2 72.7 −1.5
Shounan Street Stage 2 PM2.5 100 m 60.8 62.5 −1.7

UNNC CHAP-PM2.5 1 km 78.5 77.6 0.9
UNNC Stage 2 PM2.5 100 m 67.1 69.1 −2.0

5. Discussion
5.1. Scale Transferability Is Partial and Terrain-Dependent

A central question in this study is whether the PM2.5-predictor relationship learned
at a coarse resolution can be reliably transferred to a finer grid. The results suggest that
this scale-invariance assumption is only partially valid. The coefficient-side comparison
showed that predictor effects changed as spatial resolution became coarser, while the
output-side transfer test showed that models trained at coarser resolutions became less able
to reproduce the original 1 km PM2.5 field. The simulation experiment further showed that
model-based downscaling could recover part of the known sub-kilometre heterogeneity,
but the recovered variability was incomplete and model-dependent.

The different components of transferability exhibited distinct terrain-dependent pat-
terns. Across the kilometre-scale contrasts, coefficient distributions were more stable in
rugged terrain, whereas output-side performance deteriorated more rapidly with increas-
ing training scale in flat terrain. Nevertheless, flat terrain generally retained higher R2

values and allowed the nonlinear models to recover a larger proportion of sub-grid het-
erogeneity. The comparable rsd values between terrain types further indicate that the
models were similarly able to identify which 1-km cells had relatively higher or lower
within-cell variability, despite recovering their magnitude less effectively in rugged terrain.
Thus, greater coefficient stability did not necessarily translate into better output agreement
or heterogeneity recovery, and no terrain class consistently performed better across all
transferability metrics.

Here, the term “terrain-dependent” refers to systematic differences associated with
terrain classes rather than an independent causal effect of terrain itself. Indeed, rugged
terrain tends to be associated with lower, more spatially homogeneous PM2.5 values. These
can potentially be adequately represented by coarser resolution data, compared to the
more heterogeneous PM2.5 over flatter areas [53]. In contrast, the finer resolution data
is needed to represent local variability over flat areas. Flat and rugged areas represent
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different data environments, characterised by differences in PM2.5 concentration levels
and variability and in the ranges and spatial gradients of model covariates. The observed
patterns are therefore more directly attributable to the scale-specific predictor and response
distributions, the stability of their relationships across spatial supports, and the loss of local
variance and extremes through aggregation. Terrain provides a meaningful contextual
classification for these differences but should not itself be interpreted as the sole or direct
cause of variation in scale transferability.

These findings imply that Stage 1 downscaling should be interpreted as predictor-
supported spatial refinement rather than as a full reconstruction of true 100 m PM2.5
variability. The 1 km CHAP-PM2.5 product contains useful coarse resolution informa-
tion, and high-resolution predictors can help redistribute this information to a finer grid.
However, because the training target is already aggregated and spatially smoothed, the
downscaled product remains constrained by the information content of the original product.
Therefore, scale transferability should be evaluated explicitly, especially when downscaled
products are intended for local exposure assessment or fine-scale environmental analysis.

In this study, the target resolution was close to the absolute resolution of the CHAP-
PM2.5 product, limiting the effect of the change of scale, while the simulation experiment
highlights the limitations of this approach in terms of the smoothed Stage 1 prediction.

5.2. Resolution Enhancement and Observation-Based Calibration Are Distinct Tasks

The results also show that increasing the spatial resolution does not necessarily im-
prove agreement with ground observations. Stage 1 transfers the coarse-scale CHAP-
PM2.5-predictor relationship to the 100 m predictor grid, but it is trained to reproduce
CHAP-PM2.5 rather than independent monitoring data. As a result, the Stage 1 products in-
herit the bias structure and smoothing characteristics of the original product; hence, Stage 1
products showed station-level validation performance similar to the original CHAP-PM2.5
product, despite providing finer spatial detail.

Stage 2 addresses a different problem. By incorporating independent monitoring
observations through daily bias correction and residual modelling, it directly targets the
discrepancy between gridded estimates and observed PM2.5. The consistent improvements
after Stage 2 indicate that observation-based calibration is required when the objective is
not only to increase spatial resolution, but also to reduce bias and to recover the information
lost in the coarser resolution product as shown by the improved slope in Tables S9 and S10.
This distinction is important because a visually detailed PM2.5 map may not reflect the
correct range of values. Downscaling and calibration can therefore be treated as related but
analytically distinct steps. This goes beyond the method presented by Yang et al. [16].

5.3. Stage-Specific Model Selection Should Balance Accuracy Gains, Spatial Plausibility, and
Computational Efficiency

Model selection considered the balance among validation accuracy gains, spatial
plausibility, and computational efficiency. Daily bias correction provided a conservative
benchmark, improving predictions by adjusting the daily concentration level while preserv-
ing the spatial pattern inherited from the Stage 1 product. Its strong performance indicates
that day-specific mean bias accounted for a substantial proportion of the disagreement
between CHAP-PM2.5 and the provincial monitoring observations (Figure 11).

At Stage 1, TabICL v2 achieved slightly better cross-validation performance than
XGBoost. However, the subsequent Stage 2 cross-validation results were nearly identical
regardless of whether the XGBoost- or TabICL-based Stage 1 product was used. Given
this limited downstream accuracy gain and the substantial difference in computational
cost (approximately 1 min for XGBoost compared with 40 min for TabICL v2), XGBoost is
suitable for Stage 1 modelling.
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The balance differed at Stage 2. XGBoost produced conspicuous spatial artefacts in
the residual-correction surfaces, whereas TabICL v2 did not show comparable artefacts
and achieved appreciably better validation performance. Although TabICL v2 required
approximately ten times as much computation time as XGBoost (10 min vs. 1 min) at this
stage, its gains in validation accuracy and lack of artefacts justified its selection for the final
Stage 2 residual correction. Details of computation times are given in Section S2.3.

Overall, we recommend using XGBoost for Stage 1 combined with the bias + TabICL
v2 for Stage 2. This was the approach used for the 2021–2024 mapping.

5.4. Implications for High-Resolution PM2.5 Product Development

The two-stage framework used in this study provides a rigorous way to separate three
questions that are often conflated in PM2.5 downscaling. First, can a coarse-resolution
PM2.5 product be refined to a finer grid using covariates? Second, does the refined product
reflect the distribution of values from independent ground observations? Third, does
the final mapped product remain spatially plausible? The results show that these three
objectives do not necessarily improve together. Stage 1 enhanced spatial resolution but
did not substantially improve station-level accuracy. Stage 2 improved agreement with
monitoring observations and could alter the spatial structure of the final product.

This has two implications. First, high-resolution PM2.5 products should not be eval-
uated only by their nominal spatial resolution. A 100 m product may still inherit the
smoothing and bias structure of its coarse-resolution training target. Second, validation
metrics should not be the only basis for product selection. In applications such as ex-
posure assessment, urban environmental analysis, or health-risk estimation [54], spatial
artefacts may affect local interpretation even when cross-validation metrics improve. A
defensible high-resolution PM2.5 product should therefore balance scale-transfer validity,
observation-level accuracy, and spatial plausibility.

5.5. Limitations and Future Work

Several limitations should be noted. First, no spatially continuous 100 m PM2.5
reference surface was available, meaning that the real 1 km-to-100 m transfer could not be
directly validated. The simulation experiment provided controlled evidence on fine-scale
recoverability; however, it is limited in scope and does not fully reflect hypothesized real
PM2.5. Future work could extend this analysis by using an ensemble of synthetic PM2.5
surfaces to evaluate whether downscaling models can consistently recover fine-scale spatial
heterogeneity under different controlled simulation settings.

Accordingly, the visual evidence presented in this study should be interpreted as a
diagnostic for identifying potential spatial artefacts. Visual inspection can help identify
obvious inconsistencies or potential artefacts, but it cannot establish whether individual
local PM2.5 gradients are physically realistic.

Second, Stage 2 calibration relied on provincial monitoring stations, which were
unevenly distributed and relatively sparse in rugged areas. Terrain-stratified analyses and
spatially buffered site-based cross-validation were conducted, emphasizing predictions
remain more uncertain in unmonitored rugged regions and other areas far from monitoring
stations. Future work could evaluate how distance to monitoring stations (Figure S4) could
be combined with the buffer-based cross-validation to provide local accuracy metrics. It
could also use additional independent monitoring datasets [12], probability sampling [34],
or spatial uncertainty mapping to better quantify prediction uncertainty.

Third, XGBoost and TabICL v2 are both tabular models. Other approaches, such as
those based on geostatistics, provide an explicit model of the spatial structure for both
downscaling and calibration [55]. However, these require denser datasets than were
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available for this study. Further, TabICL v2 introduced computational challenges, especially
for repeated cross-validation and daily full-grid mapping. Future work could explore
more efficient context selection, spatial modelling and hybrid workflows that combine
conservative daily bias correction with flexible residual modelling.

The reported uncertainty remains conditional on the CHAP-PM2.5 input and the
downstream fitted models, as uncertainty arising from the original CHAP-PM2.5 processing
and its dependence on downstream errors was not explicitly propagated. Although Stage 2
may reduce inherited bias at locations represented by monitoring observations, equivalent
correction in unmonitored areas cannot be guaranteed. Future studies could compare the
two-stage workflow with a wider range of modelling strategies.

Despite these limitations, this study shows that high-resolution PM2.5 downscaling
should be evaluated as more than a resolution-enhancement problem. The results indicate
that scale transferability is partial but the agreement with observations is improved by
incorporating ground observations in a 2-stage approach. This combined perspective
provides a more careful and principled framework for developing and selecting high-
resolution PM2.5 products. Finally, a key advantage of our approach is that the 100 m,
1-day predictions may be flexibly aggregated to larger units in space and time as required
by the application.

6. Conclusions
This study developed and evaluated a two-stage framework for high-resolution PM2.5

downscaling in Zhejiang Province. In Stage 1, the 1 km CHAP-PM2.5 product was statis-
tically downscaled to 100 m using auxiliary predictors and two tabular learning models,
XGBoost and TabICL v2. In Stage 2, ground observations were integrated through daily
bias correction and residual calibration using XGBoost and TabICL v2. This design allowed
resolution enhancement and observation-based calibration to be evaluated as two distinct
modelling tasks.

The results show that the scale-invariance assumption underlying statistical down-
scaling is only partially valid. The coefficient-side comparison and output-side transfer test
showed that PM2.5-predictor relationships and model outputs vary across kilometre-scale
spatial supports, indicating that scale invariance should not be assumed for the 1 km-to-100
m transfer. The simulation experiment further suggests that, under controlled synthetic
conditions, coarse-resolution training cannot fully recover sub-kilometre heterogeneity.
Stage 1 downscaling can introduce predictor-supported fine-scale spatial detail, but it re-
mains constrained by the information content and smoothing characteristics of the original
CHAP-PM2.5 product.

Validation against ground observations further shows that increasing spatial resolution
alone does not necessarily improve station-level accuracy. The Stage 1 products generated
by XGBoost and TabICL v2 showed validation performance similar to the original CHAP-
PM2.5 product. Stage 2 corrects for bias and, by incorporating ground-based observations,
recovers information that was not available in the coarse resolution product. TabICL v2
residual correction achieved the best results in Stage 2. The use of XGBoost in Stage 1
retains spatial detail and is less computationally demanding than TabICL v2.

The final Stage 2 result is a set of quality-assured daily maps at 100 m resolution,
together with 90% prediction intervals for Zhejiang province in China. While extensive
validation is provided for 2020, we have also made these maps for the years 2021–2024,
using a combination of XGBoost (Stage 1) + bias + TabICL v2 (Stage 2). We have provided
the validation results for 2021–2024 as Supplementary Material. While many applications
might not require such high-resolution maps, these can be aggregated flexibly in space and
time to suit requirements.
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(validation for 2021–2024).
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