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Highlights

What are the main findings?

Numerical model sensitivity experiments showed that terrain replacement produced
hydrostatically consistent surface-pressure differences, while land-cover replace-
ment produced stronger surface momentum and sensible heat exchange responses
than terrain-only replacement. Direct interaction residuals indicated non-additive re-
sponses in simulated skin temperature (TSK) and 2 m air temperature (T2).

For the examined event and model configuration, static land-surface datasets with
higher nominal native resolution did not deliver consistent improvements in temper-
ature simulation. Performance depended on the static-data configuration and dif-
fered between daytime and nighttime, with no single configuration consistently min-
imizing temperature errors across surface and near-surface evaluations.

What are the implications of the main findings?

A diagnostic framework is proposed with two pathways for examining terrain-re-
lated and land-cover-related responses. The framework links WPS-mapped elevation
(HGT_M) and dominant land-use category (LU_INDEX) differences with internal
model responses, including TSK and T2. Combined with station and satellite evalu-
ation, this framework distinguishes internal land-atmosphere responses from tem-
perature performance and helps assess how remote-sensing-derived static inputs af-
fect extreme heat simulations.
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e  Stronger internal land—-atmosphere responses did not necessarily improve agreement
with station air-temperature observations or MODIS land-surface temperature. Re-
mote-sensing-derived static datasets should therefore be selected based on their
model-grid representation and evaluated temperature performance, rather than
nominal native resolution alone. Applicability to other events and regions requires
further testing.

Abstract

Remote-sensing-derived static terrain and land-cover datasets influence regional extreme
heat simulations, but their effects on internal model responses and temperature perfor-
mance require joint assessment. Five numerical experiments were conducted for the June
2022 Henan heatwave using five configurations drawn from three terrain datasets and
four land-cover datasets. Atmospheric forcing and model physics were identical, and the
inner grid spacing remained fixed at 3 km. Simulated skin temperature (TSK) was evalu-
ated against Moderate Resolution Imaging Spectroradiometer (MODIS) land-surface tem-
perature after pixel-level spatiotemporal matching. Simulated 2 m air temperature (T2)
was evaluated against observations from 111 national meteorological stations. Two diag-
nostic pathways examined terrain-related and land-cover-related responses. Replacing
MODIS15s-lake with MCD12Q1 changed the dominant land-use category in 22.2% of He-
nan grid cells. Daytime sensible heat flux difference fields had spatial root-mean-square
(RMS) values exceeding 20 W/m2. On the WRF Preprocessing System (WPS)-mapped 3
km grid, terrain fields derived from ASTER30 and GMTED5m had mean absolute differ-
ences of 7.5 and 22.8 m, respectively, relative to GMTED30s. Terrain-height and surface-
pressure differences were strongly inversely correlated (R =-0.9990 to —0.9993), support-
ing hydrostatic consistency. Direct interaction residuals indicated non-additive TSK and
T2 responses, and their full-period mean fields had spatial RMS values of 0.421 and 0.225
K, respectively. All configurations exhibited pooled TSK warm biases of 5.52-5.74 K, com-
pared with an inter-configuration bias spread of approximately 0.22 K. No configuration
consistently minimized temperature errors across variables and periods, and larger inter-
nal response magnitudes did not consistently correspond to smaller temperature errors.
For this event and model configuration, products with higher nominal native resolution
did not consistently improve temperature simulation; the independent resolution effect
was not isolated. The framework combines internal diagnostics with station and satellite
evaluation to assess remote-sensing-derived static inputs.

Keywords: remote-sensing-derived static datasets; digital elevation model (DEM); land
use/land cover (LULC); land—atmosphere diagnostics; mesoscale-model simulations;
extreme heat events

1. Introduction

Global warming has increased the frequency, duration, and magnitude of heatwaves
worldwide, posing severe threats to terrestrial ecosystems, human health, and socioeco-
nomic security [1,2]. Extreme high-temperature episodes have grown more frequent
across China in recent decades, with the 2022 China Climate Bulletin recording the coun-
try’s highest number of hot days (daily maximum temperature > 35.0 °C) since 1961 [3].
Against this warming backdrop, Henan suffered a widespread, severe heatwave in mid-
June 2022. This regional extreme high-temperature event provides a valuable case for in-
vestigating fine-scale heatwave processes and improving regional model simulations.
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Existing research attributes the 2022 eastern China heatwave primarily to large-scale
synoptic circulations, including an amplified western Pacific subtropical high and east-
ward-extended South Asian high [4,5]. However, comparatively less attention has been
paid to how spatially heterogeneous land surfaces modulate regional extreme heat in
model simulations. Biases in the representation of lower-boundary conditions remain
poorly quantified, limiting efforts to accurately simulate the spatial patterns and intensity
of regional extreme heat.

The Weather Research and Forecasting (WRF) model is widely adopted for heatwave
simulations because of its capability to resolve regional circulations, planetary boundary
layer (PBL) evolution, and land-atmosphere thermodynamic interactions [6,7]. Simulated
temperatures are sensitive to physical parameterization schemes, soil moisture feedbacks,
and prescribed surface properties. Previous studies have shown that combining remote-
sensing data with data assimilation can improve air-temperature simulations during hot
weather [8]. Even so, comparatively limited attention has been paid to static geographic
inputs derived from remote sensing, which fundamentally define the surface environ-
mental conditions represented within the model.

Remotely sensed digital elevation model (DEM) and land-cover products provide
important static geographic inputs by representing terrain and land-surface heterogene-
ity. Terrain data determine model-grid elevation and topographic structure, while land-
cover data prescribe surface roughness, albedo, and vegetation-related properties that
regulate land-atmosphere momentum and energy exchanges [9-11]. Compared with con-
ventional static geographic datasets, contemporary remote-sensing products can provide
finer native spatial resolution and more recent information on terrain and land-surface
conditions, which may improve the representation of grid-scale surface heterogeneity.
However, simulation differences cannot be attributed to spatial resolution alone; they are
also influenced by remote-sensing data quality, land-cover classification standards, and
the model’s representation of subgrid surface heterogeneity. Henan has pronounced topo-
graphic transitions and a fragmented mosaic of cropland and urban areas, making it a
suitable region for examining how different remotely sensed terrain and land-cover da-
tasets affect regional heatwave simulations.

Previous WRF studies have examined land-cover dataset sensitivity during heat-
waves [12], while other work has investigated the effects of terrain and land-cover inputs
on simulated meteorological variables [13]. Spatial aggregation and land-cover represen-
tation also influence how high-resolution products are incorporated into weather models
[14]. While these studies provide a basis for examining static-data sensitivity beyond the
nominal resolution of source products, further investigation is needed to distinguish the
separate and non-additive temperature responses to terrain and land-cover dataset re-
placement under fixed model-grid settings. These responses should also be examined in
relation to the geographic fields generated by the WRF Preprocessing System (WPS). This
perspective can help assess static-data sensitivity during extreme heat events.

Station air-temperature observations and Moderate Resolution Imaging Spectroradi-
ometer (MODIS) land-surface temperature (LST) provide complementary information for
evaluating simulated thermal conditions. In situ air-temperature observations provide lo-
cal measurements of near-surface temperature, whereas MODIS LST provides spatially
distributed information on surface thermal patterns [15,16]. Simulated 2 m air tempera-
ture (T2) is therefore evaluated against station air-temperature observations, and simu-
lated skin temperature (TSK) is evaluated against MODIS LST.

In this study, we investigate the sensitivity of heatwave simulations to remotely
sensed terrain and land-cover datasets and examine the associated land—atmosphere ther-
modynamic and dynamical responses. One control run and four sensitivity experiments
were conducted for the June 2022 Henan heatwave in order to assess the individual and
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combined effects of replacing terrain and land-cover datasets. We compare the geographic
fields generated from different static-data configurations and examine the corresponding
land—atmosphere responses, relating differences in model-grid surface representation to
simulated TSK and T2. Using station air-temperature observations and MODIS LST, we
assess whether different remote-sensing static geographic inputs improve simulated ther-
mal conditions. This work provides a physically based assessment of the applicability of
different remote-sensing static datasets for regional extreme heat modeling.

2. Materials and Methods
2.1. Study Area and Extreme-Heat Event

Henan Province spans 31°23'-36°22'N and 110°21'-116°39'E and is located in the ge-
ographic and climatic transition zone connecting the North China Plain, Huang-Huai
Plain, and Qinling—Funiu mountain ranges. Mountainous and hilly landscapes dominate
western, southwestern, and northwestern Henan, while central and eastern areas are char-
acterized by broad plains interspersed with croplands and urban patches. This surface
heterogeneity makes Henan a suitable region for examining how terrain and land-cover
datasets from different remote-sensing sources affect regional extreme heat simulations.

Daily maximum temperature records from 111 national meteorological stations were
used to define the evaluation period and representative high-temperature day. Meteoro-
logical days follow the China Meteorological Administration (CMA) standard, from 21:00
Beijing Time (BJT; UTC + 8) to 20:00 BJT of the following calendar day. The 8-day period
from 12 to 19 June 2022 was selected to cover the onset, intensification, peak, and recession
of the regional extreme heat event. Among these dates, 16 June recorded the largest num-
ber of stations exceeding the 35 °C hot-day threshold and was therefore selected as the
representative high-temperature day for spatial analysis.

2.2. Datasets and Static-Data Processing

This study integrates National Centers for Environmental Prediction (NCEP) Final
(FNL) Operational Global Analysis data, three terrain datasets, four land-cover datasets,
air-temperature observations from 111 national meteorological stations, and MODIS land-
surface temperature (LST). For clarity, the original terrain and land-cover rasters are
termed static datasets, whereas the grid variables generated after WPS/geogrid
resampling are referred to as static geographic fields. Because resampling and aggregation
modify the original remote-sensing information at the model-grid scale, terrain height
(HGT_M) and dominant land-use category (LU_INDEX) are used as the primary indica-
tors of terrain and land-use differences.

Six-hourly NCEP FNL Operational Global Analysis data at 1° x 1° resolution [17]
were used to provide identical initial and lateral boundary conditions for all simulations.

Three terrain datasets were used for the inner D02 domain: the model-built-in 30 arc-
second GMTED30s dataset [18], the customized 1 arc-second (~30 m) ASTER30 dataset
derived from ASTER GDEM V3 [19], and the model-built-in 5 arc-minute GMTED5m da-
taset [18]. The land-cover datasets included three WPS built-in International Geosphere-
Biosphere Program (IGBP)-MODIS layers: MODIS30s-lake, MODIS15s-lake, and
MODIS5m-lake. Their native resolutions are 30 arc-seconds, 15 arc-seconds, and 5 arc-
minutes, respectively [20,21]. A customized dataset derived from the LC_Typel layer of
the 2019 MCD12Q1 V061 product was also included [22,23]. LC_Typel follows the IGBP
classification system, with classes 1-17 corresponding to the first 17 categories of the WPS
MODIS land-use scheme [22,24]. Satellite-derived land-cover datasets of this type have
been widely used to update model land-use representations [25]. The MCD12Q1 input
retained LC_Typel codes 1-17, consistent with the corresponding category numbering in
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the WRF IGBP-modified MODIS scheme. Class 17 denotes water bodies; no separate lake
category (class 21) was introduced during preprocessing. Unclassified pixels were en-
coded as 255 and designated as missing values. Therefore, differences associated with
MCD12Q1 reflect combined effects of data source, acquisition year, spatial resolution, and
classification scheme rather than a single factor. For categorical land-use inputs, geogrid
uses nearest_neighbor to calculate category fractions (LANDUSEF) from source pixels
within each model cell; dominant = LU_INDEX assigns the dominant category subject to
land-water handling. The 21-layer MODIS5m-lake input is defined as continuous, so
nearest_neighbor is applied separately to each layer. The analysis focuses on LU_INDEX:
geogrid-stage categories and their initialization-stage treatment are documented in Table
517, while land-water mask differences among experiments are reported in Table 518.

ASTER GDEM V3 incorporates void filling during product generation using supple-
mentary elevation datasets. The downloaded tiles were mosaicked, clipped to the study
domain, and processed in the EPSG:4326 geographic coordinate system before conversion
into continuous binary tiles compatible with WPS. For MCD12Q1, LC_Typel was ex-
tracted from each HDF tile, and the extracted tiles were mosaicked in the native sinusoidal
projection. The mosaic was then reprojected to EPSG:4326 using nearest-neighbor
resampling and cropped before conversion to categorical WPS binary tiles. The input-grid
specifications and WPS settings for the six D02 datasets are summarized in Supplemen-
tary Tables 51-S3, and the corresponding index and case-specific GEOGRID. TBL and
namelist.wps files are available in the shared dataset. For each of the five experiments,
geogrid.exe was run with the corresponding namelist.wps, GEOGRID.TBL, and dataset-
specific index files to generate a case-specific geo_em.d02.nc. HGT_M and LU_INDEX
were then extracted as the geogrid-stage terrain-height and dominant land-use fields, re-
spectively. The preprocessing workflow is shown in Figure 1. Raster preprocessing was
performed in a Python 3.8 environment using pyModis 2.4.1, GDAL 3.4.3, and PROJ 8.2.1
[26-28], while WPS/geogrid performed model-grid mapping and static-field generation.
The source ASTER and MCD12Q1 datasets covered an area larger than D02 and its buffer
zone, ensuring complete coverage during WPS processing.

Processing environment
Python, pyModis, GDAL/PROJ

[
v 4

ASTER GDEM V3 ‘ ’ 2019 MCD12Q1 V061 ‘
v
’ Extract LC_Typel ‘

+

Mosa1§ and spatially Mosaic tiles in the native
subset in EPSG:4326 sinusoidal projection
v
Reproject to EPSG:4326
using nearest-neighbor
resampling
Check void and v
NoData values Retain compatible IGBP
codes and handle
NoData
+
Generate WPS geogrid Generate WPS geogrid
terrain binary tiles land-use binary tiles

L J

v
Create dataset-specific index files and
configure GEOGRID.TBL

Figure 1. Workflow for generating static terrain and land-use datasets from ASTER and MCD12Q1

for use in a mesoscale model. Arrows indicate the processing sequence and data flow.

https://doi.org/10.3390/rs18213760



Remote Sens. 2026, 18, 3760

6 of 30

Air-temperature observations, including hourly air temperature and daily maximum
and minimum temperatures, were obtained from 111 national meteorological stations in
Henan Province through the Henan Meteorological Big Data Cloud Platform, Tianging.
Invalid and missing records were excluded. Hourly observations were converted to UTC,
while Beijing Time (BJT) was retained for meteorological-day statistics. Air temperature
was observed at 1.5 m above ground level, and daily maximum and minimum tempera-
tures were taken directly from the operational daily extreme records.

The MODIS MOD11A1 V061 daily LST product was used to evaluate simulated skin
temperature (TSK) from 12 to 19 June 2022. The product has a spatial resolution of ap-
proximately 1 km and was obtained from the NASA Land Processes Distributed Active
Archive Center (LP DAAC) [29]. The extracted layers included LST_Day_lkm,
LST_Night_1km, QC_Day, QC_Night, Day_view_time, Night_view_time,
Day_view_angl, and Night_view_angl. Pixels within Henan Province were retained ac-
cording to the administrative boundary, with raw LST values converted using the scale
factor of 0.02 K. Quality control was performed using QC_Day and QC_Night, and pixels
were retained only if the QC flags indicated Mandatory QA = 0, Data Quality = 0, emis-
sivity error < (.01, and LST error <1 K. Retained pixels also required LST values between
200 and 400 K and valid ViewTime and ViewAngle values. No additional absolute
ViewAngle threshold was applied. The subsequent spatial and temporal matching be-
tween MODIS LST and simulated TSK is described in Section 2.4.

2.3. Model Configuration and Experimental Design

WREF-ARW v4.4.1 and WPS v4.4 were used to simulate the June 2022 extreme heat
event over Henan Province. The simulations quantified temperature responses to differ-
ences in terrain and land-cover inputs on the model grid. Simulations ran from 00:00 UTC
9 June to 00:00 UTC 20 June; the first 72 h served as spin-up and were discarded. Valid
hourly outputs from 12 to 19 June were used for subsequent analysis.

A two-way nested dual-domain scheme was applied: the outer domain (D01), with a
grid spacing of 9 km and dimensions of 200 x 190 grid points, provided atmospheric forc-
ing for the inner domain (D02), which had a grid spacing of 3 km and dimensions of 199
x 190 grid points. D02 fully covered Henan Province, and the nesting ratio was 3. All do-
mains employed a Lambert conformal conic projection centered at 34.50°N, 112.50°E, with
standard parallels at 30.0°N and 60.0°N. The outer domain adopted a 45 s time step, and
the vertical configuration included 45 hybrid terrain-following layers extending to 50 hPa.
The spatial layout of the nested simulation domains is shown in Figure 2. Minimum pro-
jected distances to the D02 boundary, defined by the outermost mass-grid centers, are 7.32
km (2.44 grid intervals) for the Henan polygon and 33.11 km (11.04 grid intervals) for the
111 evaluation stations. These geometric separations do not establish that lateral bound-
ary effects are negligible.

All experiments shared identical physical parameterizations so that inter-experiment
differences could be attributed to differences in the static terrain and land-cover inputs.
The unified configuration included WSM3 microphysics, RRTMG radiation, Noah-MP
land surface, YSU planetary boundary layer, and revised MM5 surface-layer schemes [30-
34]. T2 is a diagnostic 2 m air temperature, not the temperature of the lowest model level.
In this configuration, T2 is diagnosed using surface-layer similarity theory as part of the
coupled surface-layer and land-surface calculations. The native WRF T2 output was used
without reconstruction or empirical adjustment. The Kain-Fritsch cumulus scheme was
enabled for the outer D01 domain and turned off in the convection-permitting D02 do-
main [35]. A fixed 21-category land-use setup without urban canopy parameterization
was adopted. Vertical velocity damping (w_damping = 1) and an epssm value of 0.3 were
applied to enhance numerical stability [36].

https://doi.org/10.3390/rs18213760
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One control run (CTRL) and four sensitivity experiments (DEM, LU, LU + DEM, and
C5m) were conducted to quantify the individual and combined effects of differences
among the terrain and land-cover datasets (Table 1). All simulations used identical atmos-
pheric forcing, physical schemes, and D01 static inputs; only the terrain and/or land-cover
datasets in D02 were varied among experiments.

(a) Nested domains (b) D02 domain

42.0

= Major city . o Evaluation station '\
40.0 —— Henan boundary Y ” » 36.0 = Major city I

—— Domain boundary —— Henan boundary
—— Domain boundary

38.0
35.0

36.0
34.0 34.0

32.0

Latitude (°N)
Latitude (°N)

33.0
30.0

28.0 32.0

26.01 projection: LAMBERT | truelat1=30.0, truelat2=60.0 stand_lon=112.5 |
ref_lat=34.5, ref_lon=112.5 | Grid: D01=9.0 km, D02=3.0 km 31.0

105.0 110.0 115.0 120.0 110.0 111.0 112.0 113.0 114.0 115.0 116.0 117.0

Longitude (°E) Longitude (°E)

Figure 2. WRF domains and evaluation stations: (a) D01 and nested D02; (b) enlarged D02 and He-
nan Province. Open circles denote the 111 evaluation stations; black squares, major cities; blue lines,
the Henan boundary; black outlines, domain boundaries; and thin gray lines, other administrative
boundaries. Each panel has its own scale bar. Terrain shading is from the CTRL WPS geogrid out-
put. Physical basemap layers are from Natural Earth (https://www.naturalearthdata.com/ (accessed
on 1 October 2026)). Administrative boundaries were derived from the standard map provided by
the Ministry of Natural Resources of China (map approval No. GS5(2019)1822;
http://bzdt.ch.mnr.gov.cn/ (accessed on 1 October 2026)).

Table 1. Experimental design of the static-data configurations.

Case D01 Terrain and D02 Terrain and Purpose
Land-Use Data Land-Use Data P

Baseline simulation using WPS

GMTED30s + GMTED30s + e . .
CTRL MODIS30s-lake MODIS15s-lake model-built-in static geographic
datasets
ASTER30 + Evaluates the impact of terrain-
DE TRL D01
M- Sameas C 0 MODIS15s-lake data replacement
GMTED30s + Evaluates the impact of land-use-
kv Same as CTRL D01 MCD12Q1 data replacement
U+ DEM S CIRL D1 ASTER30 + t‘EVral.trlla’cers1 (’;};e I:(c;mblrlézldtefrfec’cls of
ame as MCD1201 errain- and land-use-data replace
ment
Evaluates the integrated effect of a
C5hm  Same as CTRL D01 GMTEDSm + coarser WPS model-built-in static

MODISSm-lake geographic configuration in D02

Note: ASTER30: terrain from ASTER GDEM V3; MCD12Q1: land use from 2019 MCD12Q1 V061;
C5m: “5 m” denotes 5 arc-minutes. All other settings are identical across experiments except D02
terrain/land use. Land-cover replacement includes associated changes in the land-water mask and

available initialization surface fields; these effects are not independently isolated.

CTRL served as the baseline using model-built-in WPS static datasets. The DEM ex-
periment replaced the baseline terrain dataset with high-resolution ASTER30 while re-
taining MODIS15s-lake land cover, thereby isolating the effects of terrain-data replace-
ment. The LU experiment retained GMTED30s terrain but replaced MODIS15s-lake with
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the customized MCD12Q1 dataset to examine the effects of land-use-data replacement.
The LU + DEM experiment simultaneously replaced both terrain and land-cover datasets
with ASTER30 and MCD12Q)1, respectively, to examine their combined effects. The C5m
experiment adopted the coarser model-built-in GMTED5m terrain and MODIS5m-lake
land-cover datasets in D02 to evaluate the integrated effects of a coarser static geographic
configuration. Thus, C5m tests joint terrain—-land-cover replacement rather than a DEM-
only resolution change.

2.4. Evaluation and Diagnostic Methods

Two independent observational datasets, station air-temperature observations and
MODIS land-surface temperature (LST), were used to evaluate simulated thermal condi-
tions under different static-data configurations. Simulated 2 m air temperature (T2) was
evaluated against station air-temperature observations, whereas simulated skin tempera-
ture (TSK) was evaluated against MODIS LST. Common statistical metrics, including bias,
mean absolute error (MAE), root-mean-square error (RMSE), Pearson correlation coeffi-
cient (R), and valid-sample count (N), were applied to both evaluations.

For the MODIS evaluation, a pixel-level spatiotemporal matching framework was
adopted based on quality-controlled MODIS LST pixels. Satellite local solar time was con-
verted to UTC to provide a consistent temporal reference:

A
tyrc = tiocal — 1_5 1)

where t)ycq is the local solar time (h), and A is the longitude of the pixel center expressed
in degrees east (°E). Each valid MODIS pixel was spatially paired with the nearest D02
grid cell within a 3 km threshold. For temporal matching, linear interpolation was per-
formed between adjacent hourly model outputs to match the actual satellite overpass

time:
TSK(t) = (1 — w)TSK(t,) + wTSK(t,), (2)
where
_ t - to
W= t1 - tol (3)

Here, TSK(t,) and TSK(t;) denote the surface skin temperatures of the correspond-
ing D02 grid cell at the two adjacent model output times, and w is the linear interpolation
weight. Multiple valid MODIS pixels assigned to each D02 grid cell were averaged to ob-
tain one grid-level paired sample. The baseline (0%) retained records with at least one
common valid pixel across all five experiments within the Henan D02-center mask.
Within-cell coverage was calculated as the number of common valid pixels divided by the
total number of candidate pixel positions assigned to that cell within Henan. The denom-
inator included positions rejected by quality control. For boundary cells, only positions
within Henan were counted. This pixel-count proportion is not an exact area fraction, and
the denominator was not fixed at nine. Sensitivity tests used minimum coverage thresh-
olds of 0%, 25%, 50%, and 75% (Tables S4 and S5). MODIS LST is a satellite-retrieved ra-
diometric surface temperature, whereas WRF TSK is the model surface skin temperature.
Differences in physical representation and sampling may affect their comparability even
after spatiotemporal matching.

For each date and MODIS overpass type, D02-cell spatial coverage was calculated as
the percentage of the 17,871 Henan D02 cells with valid paired records. These cells had
centers within or on the Henan boundary. Coverage was based on cell counts rather than
area (Table 56). Figures S1 and S2 show daily coverage and valid-date frequency by cell.
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Terrain and land-cover representation were summarized using CTRL HGT_M and
LU_INDEX (Table S7A-D); the ratios are descriptive.

For station-based evaluation, station coordinates were converted to the D02 grid pro-
jection, and valid observation-model pairs were matched by station ID and UTC time.
Simulated T2 was bilinearly interpolated to station locations and compared directly with
air temperature observed at 1.5 m, without height adjustment. The 0.5 m height mismatch
introduces uncertainty that depends on the near-surface temperature gradient; its sign
and magnitude cannot be estimated from the available single-level observations. Daily
maximum and minimum air temperatures were taken directly from the operational daily
extreme records, whereas simulated T2max and T2min were derived from complete 24 h
hourly outputs for each meteorological day. For spatial visualization of the representative
high-temperature day, cubic radial basis function interpolation was applied to station
data and clipped to the Henan administrative boundary. All quantitative evaluations
were based on the original paired samples, with spatial interpolation used only for visu-
alization.

For hourly station evaluation, three sample subsets were defined: All, Day, and Night.
All covers the full 192 h evaluation period from 00:00 UTC 12 June to 23:00 UTC 19 June
2022; Day was defined as 08:00 < BJT < 20:00; and Night was defined as BJT = 20:00 or B]JT
< 08:00. Tmax/Tmin evaluation for the representative high-temperature day followed the
China Meteorological Administration (CMA) meteorological-day definition described in
Section 2.1. For MODIS LST evaluation, Pooled, Day, and Night samples were used. Day
and Night correspond to MOD11A1 daytime and nighttime overpass retrievals, respec-
tively, whereas Pooled denotes the combined valid Day and Night samples. Thus, MODIS
Pooled samples are not equivalent to the All sample used for hourly station evaluation.

The evaluation metrics were calculated as

N
) 1
Bias = (M, — 0)) @
=1
1 N
MAE =NZ|Mi—oi|. ©)
i=

RMSE = (6)

.M — M) (0, - 0)

\/zgichl- 25N, (0, — 0Y?

R

@)

where M; and O; denote the simulated and corresponding reference values, respec-
tively,and M and O are their sample means. For the station evaluation, N represents the
number of valid station—time paired records. For the MODIS evaluation, N represents the
number of valid date—overpass-type-D02-grid-cell paired records common to all five ex-
periments after applying the Henan D02-center mask and, where applicable, the specified
coverage threshold. The baseline comprised 183,964 records (88,415 Day and 95,549
Night). Bias was calculated as simulation minus observation or reference value; therefore,
a positive temperature bias corresponds to a warm bias. Mean squared error was decom-
posed as MSE = Bias? + Var(e), where e is model minus observation and Var(e) is the pop-
ulation variance (Table 515). This statistical decomposition does not imply physical attrib-
ution.
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Cluster-based nonparametric bootstrap resampling with 20,000 replicates and a fixed
random seed of 20220616 was used to quantify uncertainty in the TSK-MODIS LST statis-
tics. Resampling was clustered by observation date, with all valid records for each selected
date resampled together. The 95% confidence interval (CI) was determined from the 2.5th
and 97.5th percentiles of the bootstrap distribution [37,38]. Because only eight date clus-
ters were available, the resulting CI represents finite-sample uncertainty rather than a for-
mal significance test [39]. These approximate Cls are conditional on the available paired
samples and resampling assumptions and do not account for selection by cloud screening,
quality filtering, or unobserved locations or times. The date-clustered bootstrap does not
explicitly preserve adjacent-date dependence, so positive cross-date error correlation may
lead to underestimated uncertainty.

To standardize internal process diagnosis, differences between each sensitivity ex-
periment and the control run were defined as

AX = Xgxp — XcTRL (8)

where Xgxp and Xcrgp denote the corresponding variables in the sensitivity experiment
and control run, respectively. The diagnostic variables include terrain height (HGT_M),
surface pressure (PSFC), friction velocity (UST), sensible heat flux (HFX), skin tempera-
ture (TSK), and 2 m air temperature (T2). Model-response statistics were calculated over
the 17,871 D02 grid cells whose centers fell within or on the Henan administrative bound-
ary; the same spatial mask was applied to the grid-level MODIS evaluation. The separate
geogrid-to-initialization and cross-experiment field audits in Tables S17 and S18 cover the
full D02 mass grid. For each experiment, hourly grid differences were temporally aver-
aged, and spatial statistics including the regional mean difference (AMean), mean absolute
difference (Mean|Al), and root-mean-square difference (RMS) were calculated. The RMS
values characterize the spatial heterogeneity of the time-averaged physical fields rather
than integrated spatiotemporal errors. Internal Day and Night diagnostics were defined
as 08:00-20:00 and 20:00-08:00 BJT, respectively.

For X =TSK or T2, the interaction residual and two equally weighted RMS measures
were defined as

IX = XLU+DEM - XLU - XDEM + XCTRL' (9)
1
1< 1S VT
RMSmean(Y) = MZ (?Z th) , (10)
i=1 t=1

M T 2
o] w

where Y denotes either Ix or an experiment-minus-CTRL response, M =17,871 is the num-

ber of Henan D02 grid cells, and T is the number of hours in the selected period. RMSmean
is the spatial RMS of the time-mean field, while RMSs: is the RMS of the hourly field over
space and time. Diagnostics covered 12 June 00:00-19 June 23:00 UTC (192 h), with Day
defined as 08:00 < BJT < 20:00 and Night as the remaining hours (96 h each). C5m was
excluded from the interaction calculation. Daily diagnostics and leave-one-UTC-date-out
RMSs: checks assessed sensitivity to individual dates (Tables S12 and S13), rather than
statistical significance. Hourly differences from CTRL in TSK, T2, HEX, UST, and PBLH
were summarized over the same cells and period using RMSmean and RMSs: for the full
period and Day/Night subsets. Beijing-time-hour composites were obtained by averaging
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the eight fields corresponding to each hour of the day (Figures 56 and S7; Table 511). These
diagnostics are descriptive and do not isolate individual process contributions.

Terrain-induced pressure responses were interpreted using the linearized hydro-
static pressure-height relationship:

Apg gah

Ps R4T,

(12)

where ps denotes the CTRL surface pressure used as the reference state, Aps represents
the surface-pressure perturbation between sensitivity experiments and CTRL, Ak is the
corresponding terrain-height perturbation derived from AHGT_M, T, is the mean near-
surface virtual temperature, g is gravitational acceleration, and Ry is the specific gas
constant for dry air [40]. This relationship was used to assess whether surface-pressure
responses were physically consistent with terrain-height perturbations. It does not estab-
lish a one-to-one causal relationship.

The response of near-surface momentum exchange to land-use perturbations was in-
terpreted using Monin-Obukhov similarity theory:

U, z z Zom
0@ = i (G) = v () + o ()] 3)

where U(z) is the mean wind speed at height z, u, is the friction velocity, x is the von
Karman constant, zy,, is the momentum roughness length, L is the Monin-Obukhov
length, and v, is the stability correction function for momentum [41]. This relation pro-
vides the physical basis for diagnosing how land-use-related changes in surface rough-
ness and atmospheric stability modify surface momentum exchange and UST.

Surface thermal responses were further interpreted using a simplified surface en-
ergy-balance framework:

Ro=H+LE + G + ¢, (14)

where R, is net surface radiation, H is sensible heat flux represented by HFX in this
study, LE is latent heat flux, and G is soil heat flux. For conceptual purposes, ¢ collec-
tively represents storage, phase-change, and numerical-closure terms that are not explic-
itly expanded in this simplified formulation. The land-surface energy exchange processes
represented in Noah-MP follow the coupled physical formulations described in the Noah-
MP technical documentation [42]. Therefore, land-surface parameters associated with dif-
ferent LU_INDEX categories can modify the partitioning of available surface energy
among sensible, latent, and soil heat fluxes. HFX was used to assess the physical con-
sistency between land-use perturbations and changes in sensible heat exchange. A com-
plete surface energy-budget closure analysis was not performed, so the contributions of
individual energy-budget terms could not be fully quantified.

3. Results
3.1. Static Geographic-Field Differences

Remote-sensing terrain and land-cover datasets produced distinct static geographic
fields after WPS resampling to the 3 km D02 grid. Grid-scale terrain height (HGT_M) and
dominant land-use category (LU_INDEX) were compared over 17,871 valid grid cells
within Henan Province, using GMTED30s and MODIS15s-lake as the respective baselines.

Figure 3 shows the terrain-height distributions and corresponding differences among
GMTED30s, ASTER30, and GMTED5m. All three datasets reproduce the major topo-
graphic pattern of Henan, while differences among terrain sources and native resolutions
produce localized grid-scale deviations concentrated mainly in mountainous and transi-
tion zones. Relative to GMTED30s, ASTER30 produced comparatively small terrain-
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height differences, ranging from —120.2 to 108.7 m. The mean difference, MAE, and RMSD
were -3.1, 7.5, and 12.1 m, respectively. Grid cells with absolute differences exceeding 10,
30, and 50 m accounted for 20.7%, 3.7%, and 0.9%, respectively. These differences were
concentrated mainly in western and northwestern complex-terrain regions, whereas plain
areas were only weakly affected.

In contrast, GMTED5m showed much larger localized terrain differences, with a
mean difference of 0.6 m, MAE of 22.8 m, RMSD of 47.6 m, and a range from —434.0 to
338.4 m. Grid cells with absolute differences exceeding 10, 30, and 50 m accounted for
38.0%, 23.1%, and 15.1%, respectively. Thus, the small regional mean difference in
GMTED5m masks substantial local deviations, particularly in mountainous and transition
regions. These statistics describe differences in WPS-generated HGT_M relative to
GMTED30s on the 3 km D02 grid over Henan, not the absolute accuracy of the original
DEM products.

HGT M (GMTED30s) HGT_M (ASTER30) HGT_M (GMTED5m)

Latitude (°N)
w w w
' W N

w
©

w
D]
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34

Latitude (°N)
w
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w
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Figure 3. D02 terrain height (HGT_M) over Henan Province: (a) GMTED30s; (b) ASTER30; (c)
GMTEDS5m; (d) ASTER30 - GMTED30s; and (e) GMTED5m — GMTED30s. Black squares mark
Zhengzhou.

Land-cover differences were more spatially discrete and strongly associated with cat-
egory transitions (Figure 4). Relative to MODIS15s-lake, MCD12Q1 changed LU_INDEX
in 22.2% of valid grid cells, compared with 9.4% for MODIS5m-lake. MCD12Q1 reduced
the cropland fraction from 85.4% to 75.0% and increased the urban fraction from 1.2% to
4.2%. By comparison, MODIS5m-lake increased the cropland fraction to 90.4% and re-
duced mixed-forest coverage to 7.7%.

Spatially, the MCD12Q1-related changes were more extensive across mountainous,
transition, and urban areas, whereas MODIS5m-lake differences were more locally con-
centrated. These differences reflect the combined effects of dataset source, representative
period, native spatial resolution, and classification scheme. They describe differences in
grid-scale land-use representation rather than absolute classification errors.
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Figure 4. D02 LU_INDEX over Henan Province derived from (a) MODIS15s-lake, (b) MCD12Q1,
and (c) MODIS5m-lake, and corresponding land-cover class changes relative to MODIS15s-lake for
(d) MCD12Q1 and (e) MODIS5m-lake. Black squares mark Zhengzhou.

3.2. Temperature Evaluation Against MODIS and Station Observations

MODIS LST and station air-temperature observations provide complementary eval-
uations of simulated surface and near-surface thermal conditions. Simulated TSK was
evaluated against time-matched MODIS LST, whereas simulated T2 was directly com-
pared with 1.5 m station air-temperature observations following the procedures described
in Section 2.4.

Common paired samples totaled 88,415 for Day and 95,549 for Night. Mean daily
D02-cell spatial coverage was 61.84% for Day (range: 0.04-98.19%) and 66.83% for Night
(range: 31.35-95.55%). Day coverage was particularly low on 12 and 19 June, at 0.04% and
5.05%, respectively (Table S6). At least one sample was available over the full period for
99.87% of cells by Day and 99.90% by Night, despite incomplete daily coverage (Figures
S1 and S2). Descriptive sample composition by elevation and land cover is summarized
in Table S7A-D; corresponding stratified errors are reported in Tables 519 and S20.

All five configurations exhibited a TSK warm bias relative to MODIS LST during 12—
19 June 2022 on the common Henan-masked sample (Figure 5; Table S4). Pooled bias,
MAE, and RMSE ranged from 5.520 to 5.742 K, 5.850 to 6.020 K, and 6.758 to 6.896 K,
respectively. C5m reduced these metrics relative to CTRL by approximately 0.222, 0.157,
and 0.129 K. Daytime bias, MAE, and RMSE ranged from 5.200 to 5.596 K, 5.952 to 6.122
K, and 7.221 to 7.382 K, with LU producing the smallest errors. Nighttime ranges were
5.719-5.965 K, 5.735-5.984 K, and 6.255-6.464 K, respectively, with C5m producing the
smallest errors. Daytime R ranged from 0.498 to 0.542, nighttime R from 0.772 to 0.777,
and pooled R from 0.889 to 0.899. The larger pooled correlations reflect the broader tem-
perature range obtained by combining daytime and nighttime samples, and do not imply
equally strong correlations within the separate daytime and nighttime subsets. The mod-
est error differences relative to the shared warm bias do not establish universal configu-
ration superiority.

At the 75% coverage threshold, 91.70% of baseline records were retained. From the
0% to 75% threshold, the maximum absolute changes were 0.0906 K for bias, 0.0802 K for
MAE, 0.0645 K for RMSE, and 0.00550 for R. Pooled and nighttime MAE/RMSE rankings
were unchanged, while some closely ranked daytime configurations changed order. Full
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results and daily sample counts are provided in Tables 54 and S5; these comparisons are
based on point estimates.
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Figure 5. Evaluation of model-simulated TSK against MODIS LST for the five static-data experi-
ments for 12-19 June 2022, based on the common Henan-masked sample (183,964 Pooled records;
88,415 Day and 95,549 Night). Error bars denote the 95% date-clustered bootstrap confidence inter-

vals.

Daily errors and changes from CTRL are summarized in Table SSA-C and Figure S3.
LU had lower daytime MAE and RMSE than CTRL on all eight dates. C5m had lower
pooled MAE and RMSE on all eight dates, lower nighttime MAE on all eight dates, and
lower nighttime RMSE on seven dates. In the leave-one-date-out analysis (Table SOA-C),
C5m ranked first for pooled and nighttime MAE and RMSE in all eight runs, whereas the
daytime ranking changed when 15 June was omitted. These are descriptive sensitivity re-
sults; they do not establish statistical significance or remove cross-day dependence.

The spatial distribution of TSK-MODIS LST differences on 16 June further demon-
strates the strong diurnal contrast (Figure 6). Daytime warm bias was pronounced over
northern and north-central Henan, whereas parts of southern and southeastern Henan
showed weak or locally negative differences. Nighttime differences were more spatially
homogeneous and were dominated by warm bias across most of the province. All five
configurations retained similar large-scale spatial patterns, although local bias magnitude
and patch boundaries varied among experiments. Thus, the static-data replacements pri-
marily modified local bias intensity rather than reversing the regional pattern of TSK-LST
differences.

Station observations likewise indicate a persistent warm tendency in simulated near-
surface air temperature. Over the full 192 h evaluation period, bias ranged from 2.36 to
2.76 °C, MAE from 2.88 to 3.16 °C, and RMSE from 3.43 to 3.68 °C. Correlations between
simulated T2 and observed air temperature were approximately 0.91 for all configurations
(Figure 7 and Table 2). C5m produced the smallest full-period bias, MAE, and RMSE, with
values of 2.36, 2.88, and 3.43 °C, respectively. Nevertheless, the differences among config-
urations remained modest relative to the warm bias shared by all experiments.
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Figure 6. Spatial distribution of TSK bias (model TSK — MODIS LST) during MODIS daytime and
nighttime overpasses on 16 June 2022. Panels (a—e) show daytime overpasses, and panels (f—j) show
nighttime overpasses. TSK was interpolated to the MODIS acquisition times, and valid MODIS pix-
els were averaged within their matched D02 cells. Only grid cells whose centers fell within or on the
Henan boundary were retained. Gray denotes cells within this evaluation mask without common

valid samples; near-white colors represent near-zero bias. Areas outside the evaluation mask are
left blank.

Table 2. Summary of the lowest temperature-error metrics and highest correlation coefficients for

station-based air-temperature evaluation during the All, Day, and Night periods.

Period Bias (°C) MAE (°C) RMSE (°C) R
All C5m (2.36) C5m (2.88) C5m (3.43) All configurations (~0.91)
Day C5m (2.47) C5m (3.09) C5m (3.61) CTRL (0.87)

Night C5m (2.25) C5m (2.66) C5m (3.24) C5m (0.86)

Note: Values in parentheses are the corresponding metric values. Best bias denotes the smallest ab-
solute bias, with the sign retained; best MAE and RMSE denote the minimum values, and best R
denotes the maximum value. For the All period, R was approximately 0.91 for all configurations at
the reported precision. Day and Night are defined in Section 2.4. Rankings are descriptive and were

not significance-tested.
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Figure 7. Performance statistics of simulated 2 m air temperature against station observations dur-
ing the 192 h evaluation period (12-19 June 2022) for All, Day, and Night samples: (a) bias; (b) mean
absolute error (MAE); (c) root-mean-square error (RMSE); and (d) Pearson correlation coefficient

(R). Bias = model - observation.

The station-based temperature errors also exhibited diurnal differences (Figure 7 and
Table 2). C5m produced the smallest absolute bias, MAE, and RMSE for both Day and
Night samples. Its daytime bias, MAE, and RMSE were 2.47, 3.09, and 3.61 °C, respec-
tively, whereas the corresponding nighttime values were 2.25, 2.66, and 3.24 °C. The high-
est daytime correlation was obtained by CTRL (R = 0.87), whereas C5m showed the high-
est nighttime correlation (R = 0.86). For the All period, the reported correlations were ap-
proximately 0.91 for all configurations. C5m yielded the lowest station-based T2 absolute
bias, MAE, and RMSE for All, Day, and Night, while the highest correlation depended on
the sampling period (Table 2). For the baseline MODIS comparison, LU had the lowest
daytime TSK errors and C5m the lowest pooled and nighttime errors (Figure 5; Table 54).
These descriptive rankings indicate trade-offs across variables, metrics, and sampling pe-
riods rather than a universally optimal configuration; no statistical significance is inferred.
Representative hourly station comparisons show a general warm bias, with cold biases at
some stations and times (Figures 58 and S9; Table S514). Daily extreme temperatures on
the representative high-temperature day provide an additional spatial evaluation (Figure
8). All 111 stations recorded Tmax above 35 °C on 16 June, including 98 stations above 38
°C and 56 stations above 40 °C. Observed Tmax ranged from 35.3 to 42.0 °C, with a mean
of 39.62 °C, and the highest temperatures were concentrated in central, northern, and east-
ern Henan. Simulated T2max means ranged from 42.66 to 42.92 °C, indicating an overall
overestimation of daytime extreme temperature, while spatial correlations remained
moderate (R = 0.68-0.69).

Observed Tmin ranged from 18.4 to 27.6 °C, with a mean of 23.37 °C. Simulated
T2min means were higher, ranging from 25.84 to 26.39 °C, and their spatial correlations
were substantially lower (R = 0.27-0.33). Compared with Tmax, the simulated Tmin fields
were spatially smoother and reproduced localized nighttime cool areas less effectively.
The contrast between Tmax and Tmin indicates that the broad daytime thermal gradient
was reproduced more successfully than the fine-scale nighttime temperature structure.
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Figure 8. Observed and simulated daily Tmax (a—f) and Tmin (g-1) on 16 June 2022. Panels (a,g),
(b,h), (¢i), (d,j), (e k), and (f1) show observations, CTRL, DEM, LU, LU+DEM, and Cbm, respec-
tively. Simulated daily extremes were derived from 24 hourly T2 outputs within the same meteor-

ological day. Dots denote stations; cubic RBF interpolation is used for visualization only.

3.3. Physical Responses to Terrain and Land-Use Perturbations

The internal diagnostics show distinct responses of near-surface dynamical, surface-
exchange, and thermal fields to terrain and land-use perturbations. All differences are de-
fined relative to CTRL according to Section 2.4.

Terrain-related experiments produced clear surface-pressure responses. Figure 9a
shows the relationship between AHGT_M and the 192 h mean APSFC for the DEM exper-
iment, while Figure 10 summarizes the regional PSFC responses across the sensitivity ex-
periments. Spatial differences in HGT_M and PSFC were strongly inversely related, with
correlation coefficients of —-0.9990 to —0.9993 and more than 92% of affected grid cells
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showing opposite signs. The LU experiment retained the CTRL terrain and showed neg-
ligible PSFC perturbations. Experiments with modified terrain exhibited substantially
larger local pressure responses, with the greatest spatial variability in C5m.

Land-use-related experiments produced more pronounced spatial responses in sur-
face momentum and sensible heat exchange than terrain replacement alone. The UST re-
sponses associated with major land-use transitions are shown in Figure 9b—d, while Figure
1la-c summarize their regional All/Day/Night statistics. Regional-mean UST changes
were small, but their spatial variability was considerably greater in the experiments in-
volving land-use replacement, particularly during daytime.

Sensible heat flux showed an even stronger diurnal contrast. Figure 9e-g show HFX
responses associated with major land-use transitions, while Figure 11d—f summarize the
regional statistics. Land-use-related experiments exhibited daytime HFX RMS values ex-
ceeding 20 W/m?, whereas nighttime responses were much weaker, indicating pro-
nounced daytime spatial heterogeneity in surface sensible heat exchange.
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Figure 9. Model responses to static geographic-data perturbations. Panel (a) shows AHGT_M versus
the 192 h mean APSFC for DEM relative to CTRL. Panels (b—d) show AUST and panels (e-g) show
AHEFX for major land-use transitions from CTRL to LU, with All, Day, and Night periods shown in
that order within each group. Differences are calculated as DEM — CTRL in (a) and LU - CTRL in
(b-g). Day is defined as 08:00 < BJT < 20:00, and Night comprises the remaining hours.

The dynamical and surface-exchange responses were accompanied by changes in
TSK and T2. Figure 12 shows the spatial patterns of the 192 h mean ATSK and AT2, and
Figure 13 summarizes their regional All/Day/Night statistics. Both figures indicate
stronger and more spatially heterogeneous responses in TSK than in T2.

For TSK, the full-period AMean values for DEM, LU, LU + DEM, and C5m were
-0.083, -0.110, approximately 0, and -0.199 °C, respectively, with corresponding RMS val-
ues of 0.289, 0.846, 0.838, and 0.984 °C (Figure 13a—c). The near-zero regional mean for LU
+ DEM, together with its relatively large RMS, indicates strong spatial cancelation be-
tween localized warming and cooling rather than an absence of thermal response. This
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spatial compensation is also evident in the alternating positive and negative ATSK pat-
terns in Figure 12a-d.
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Figure 10. Regional APSFC responses to static geographic-data perturbations over Henan during
the 192 h period: (a) AMean, Mean|Al, and RMS; (b) minimum-maximum range (horizontal lines)
and AMean (dots); (c) spatial correlation between AHGT_M and APSFC; and (d) fraction of grid
cells where AHGT_M and APSFC have opposite signs. Differences are calculated as EXP - CTRL;

the correlation and opposite-sign statistics are omitted for LU because HGT_M is unchanged.
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Figure 11. Regional UST and HFX responses to static geographic-data perturbations during All,
Day, and Night periods. Panels (a—c) show AMean, Mean|Al, and RMS of UST; (d-f) show the cor-
responding HFX statistics. Differences are calculated as EXP — CTRL.

Daytime TSK perturbations were consistently stronger than nighttime perturbations
(Figure 13a—c): daytime RMS values were 0.432, 1.597, 1.581, and 1.687 °C for DEM, LU,
LU + DEM, and C5m, respectively, compared with nighttime values of 0.191, 0.375, 0.384,
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and 0.530 °C. The stronger daytime spatial responses were particularly evident in experi-
ments involving land-use replacement.
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Figure 12. Spatial patterns of 192 h mean ATSK (a-d) and AT2 (e-h) for DEM, LU, LU + DEM, and
C5m relative to CTRL. A = EXP — CTRL; red and blue indicate warming and cooling, respectively.

The corresponding T2 responses were generally weaker and spatially smoother than
those of TSK. Full-period AMean T2 values for DEM, LU, LU + DEM, and C5m were
-0.055, -0.013, +0.069, and -0.217 °C, respectively, with corresponding RMS values of
0.164, 0.234, 0.251, and 0.510 °C. All T2 RMS values were lower than the corresponding
TSK values. For C5m, nighttime mean T2 cooling (-0.245 °C) was greater than daytime
cooling (-0.189 °C), whereas daytime RMS was larger than nighttime RMS (0.595 vs. 0.489
°C).
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Figure 13. Regional TSK and T2 responses to static geographic-data perturbations during All, Day,
and Night periods. Panels (a—c) show AMean, Mean|Al, and RMS of TSK; panels (d—f) show the
corresponding T2 statistics. Differences are calculated as EXP — CTRL.

Overall, terrain perturbations were associated with clear HGT_M-PSFC responses,
whereas land-use perturbations produced stronger spatial variability in UST and HFX.
These internal responses were accompanied by more pronounced changes in TSK than in
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T2, with particularly strong daytime TSK variability in the experiments involving land-
use replacement. Possible mechanisms linking these intermediate responses to simulated
temperature changes are discussed in Section 4.

4. Diagnostic Analysis and Possible Mechanisms

While extreme heat simulation studies often emphasize quantitative error evalua-
tion, fewer studies systematically examine how terrain and land-cover datasets from dif-
ferent remote-sensing sources change model surface conditions and simulated tempera-
tures. Building on the evaluation and internal-response results in Section 3, this section
organizes terrain-related and land-cover-related responses into two diagnostic pathways.
The hydrostatic, surface-exchange, and energy-balance relationships described in Section
2.4 guide their physical interpretation. The framework connects static inputs and internal
model diagnostics with temperature evaluation, without isolating each mediating process
or establishing a complete causal chain.

4.1. Land-Surface Perturbations Induced by Remote-Sensing Data Grid Mapping

WPS grid resampling transforms raw remote-sensing datasets into grid-scale land-
surface fields, whose differences constitute the initial perturbations among the model ex-
periments. Remotely sensed DEM and land-cover products were mapped to the same 3
km D02 grid. Differences in their sources, representative periods, native resolutions, and
classification characteristics resulted in distinct terrain-height (HGT_M) and land-use cat-
egory (LU_INDEX) fields.

Relative to the baseline GMTED30s dataset, ASTER30 produced comparatively small
terrain differences, with a mean difference of -3.1 m, MAE of 7.5 m, and RMSD of 12.1 m.
In contrast, GMTED5m produced much larger localized differences, with an MAE of 22.8
m and RMSD of 47.6 m despite a small regional mean difference of 0.6 m. The larger de-
viations were concentrated mainly in mountainous and terrain-transition regions, indicat-
ing that regional means alone can mask substantial grid-scale terrain perturbations. These
quantities describe relative differences among the model-grid terrain fields rather than the
absolute accuracy of the original DEM products.

Land-cover datasets likewise exhibited evident grid-scale inconsistencies after WPS
processing. Relative to MODIS15s-lake, MCD12Q1 changed LU_INDEX in 22.2% of valid
grid cells, whereas MODIS5m-lake differed in 9.4%. MCD12Q1 reduced cropland cover-
age from 85.4% to 75.0% and increased the urban fraction from 1.2% to 4.2%. These differ-
ences reflect combined effects of dataset source, representative period, native spatial res-
olution, and classification scheme rather than a single resolution effect. After WPS map-
ping, differences in HGT_M and LU_INDEX define the lower-boundary perturbations
used to examine terrain-related and land-cover-related model responses.

4.2. Terrain-Related Surface-Pressure Responses

Terrain-modified experiments showed a strong inverse spatial relationship between
AHGT_M and APSFC (R =-0.9990 to -0.9993), with opposite signs in more than 92% of
affected grid cells. This relationship is consistent with the linearized hydrostatic pressure—
height relationship described in Section 2.4, but does not by itself demonstrate circulation
adjustments. PSFC is evaluated at each experiment’s own surface elevation, so these dif-
ferences are not pressure perturbations at a common height.

The LU experiment, which retained the CTRL terrain, showed a small PSFC response
(RMS = 0.0260 hPa). Among the terrain-modified experiments, C5m had a PSFC RMS of
4.8273 hPa and a range of -35.171 to 43.828 hPa, with its near-zero regional mean reflecting
compensation between positive and negative local differences.
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ASTER30 produced smaller terrain differences and more modest PSFC differences
than GMTED5m. These results describe the correspondence between terrain and surface-
pressure differences but do not separate elevation-related effects from circulation adjust-
ments.

Although the strong AHGT_M-APSFC relationship supports hydrostatic consistency
within the terrain-related diagnostic pathway, it does not establish the contribution of
pressure differences or circulation changes to TSK and T2. PSFC is an internal model di-
agnostic rather than an independent observational evaluation target. Surface exchange,
atmospheric stability, and turbulent mixing provide possible process interpretations,
whose individual contributions were not isolated. C5m changes both terrain and land-
cover inputs, so its temperature response cannot be attributed to terrain alone.

4.3. Land-Use Perturbations and Boundary-Layer Momentum and Thermal Exchange

In contrast to the terrain-related surface-pressure responses, land-cover perturba-
tions are associated with changes in land-surface momentum and energy exchange. Grid-
scale differences in LU_INDEX modify surface properties represented within the Noah-
MP land-surface scheme, including vegetation, roughness, radiative characteristics, and
related exchange parameters. These changes are reflected in friction velocity (UST) and
sensible heat flux (HFX), with pronounced spatial and diurnal heterogeneity.

Land-use perturbations produced relatively small regional-mean UST changes but
much stronger local spatial variability. Full-period UST RMS values for DEM, LU, LU +
DEM, and C5m were 0.0140, 0.0447, 0.0454, and 0.0538 m/s, respectively. Thus, LU and
LU + DEM produced roughly three times the UST spatial response of the terrain-only
DEM experiment. LU and LU + DEM also showed daytime AMean UST increases of 0.0088
and 0.0102 m/s, whereas nighttime changes were much weaker.

This behavior is physically consistent with the Monin—-Obukhov framework de-
scribed in Section 2.4, in which friction velocity depends jointly on surface roughness,
wind shear, and atmospheric stability. Consequently, LU_INDEX does not determine UST
directly; instead, land-use-dependent surface parameters modify the boundary conditions
under which near-surface momentum exchange occurs.

Sensible heat flux exhibited an even stronger diurnal response. Full-period regional-
mean HFX differences ranged from -2.187 to +0.680 W/m?, while nighttime mean differ-
ences remained below 0.5 W/m?2. Most importantly, land-use-related experiments showed
daytime HFX RMS values exceeding 20 W/m?, indicating pronounced local spatial heter-
ogeneity in sensible heat exchange during daytime.

These HFX responses are consistent with the surface energy-balance framework de-
scribed in Section 2.4. Different land-use categories can modify several components of the
surface energy balance simultaneously through changes in vegetation, radiative proper-
ties, soil-vegetation processes, and aerodynamic coupling. HFX is therefore used to diag-
nose changes in sensible heat exchange associated with land-use perturbations. These di-
agnostics do not establish that HFX alone determines simulated temperature.

Land-cover replacement was associated with pronounced daytime HFX and TSK re-
sponses, supporting a land-cover-related diagnostic pathway relating WPS-mapped
LU_INDEX differences to UST, HFX, TSK, and T2 responses. Surface momentum and en-
ergy exchange provide possible process interpretations, but the individual mediating con-
tributions are not isolated.

4.4. Surface and Near-Surface Temperature Responses

Surface skin temperature (TSK) and 2 m air temperature (T2) are examined alongside
the terrain-related and surface-exchange diagnostics to characterize model responses to
static-data replacement. While the 192 h mean fields had larger spatial RMS responses for
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TSK than for T2, this comparison alone does not demonstrate spatial smoothing or iden-
tify its cause.

For TSK, full-period RMS values for DEM, LU, LU + DEM, and C5m were 0.289, 0.846,
0.838, and 0.984 °C, respectively. The LU + DEM experiment is particularly informative:
its regional-mean ATSK was nearly zero, whereas its RMS remained 0.838 °C. This com-
bination demonstrates that the small regional mean resulted from strong spatial cancela-
tion between localized warming and cooling rather than an absence of thermal response.

TSK also exhibited pronounced diurnal sensitivity. Daytime RMS values were con-
sistently larger than nighttime values, especially in experiments involving land-use re-
placement: LU showed 1.597 versus 0.375 °C, LU + DEM showed 1.581 versus 0.384 °C,
and C5m showed 1.687 versus 0.530 °C. This daytime amplification is consistent with the
stronger daytime HFX heterogeneity and indicates enhanced surface thermal sensitivity
during periods of active land-atmosphere exchange.

For the time-mean fields, T2 RMSmean values were 0.164, 0.234, 0.251, and 0.510 K for
DEM, LU, LU + DEM, and C5m, respectively, below the corresponding TSK values (Table
S11). This indicates smaller T2 response magnitudes but does not by itself demonstrate
attenuation or spatial smoothing.

The C5m experiment further illustrates the distinction between regional-mean and
spatial responses. Its nighttime mean T2 cooling (—0.245 °C) was stronger than its daytime
cooling (-0.189 °C), whereas its daytime RMS remained larger than the nighttime value
(0.595 vs. 0.489 °C). Thus, the regional mean alone does not fully characterize the intensity
of local temperature responses.

Table 511 shows lower T2 than TSK RMSst responses for all three periods (All, Day,
and Night). Figures S6 and S7 show their hourly variations and the corresponding HFX,
UST, and PBLH responses. These results are consistent with possible modulation by near-
surface exchange and boundary-layer processes, but do not quantify their separate con-
tributions or establish causation. PBLH indicates boundary-layer height, not turbulent
mixing intensity.

The results support two diagnostic pathways for organizing the responses to static-
data perturbations: the terrain-related pathway links WPS-mapped HGT_M differences
with hydrostatically consistent PSFC differences, without establishing circulation-medi-
ated temperature effects, while the land-cover-related pathway relates LU_INDEX differ-
ences to diagnosed UST, HFX, TSK, and T2 responses, with physically consistent process
interpretations but without isolating individual mediating contributions.

For the June 2022 Henan heatwave under the examined WRF configuration, direct
interaction residuals indicate non-additive TSK and T2 responses. Full-period RMSmean
values were 0.421 K for TSK and 0.225 K for T2 (Figure S4; Table S10A). The spatial distri-
butions of the temporal RMS of hourly interaction residuals are shown in Figure S5. Daily
interaction magnitudes varied (Table S12), and the principal full-period aggregate RMSst
comparisons persisted in leave-one-UTC-date-out checks, although magnitudes changed
(Table S13). These checks do not establish statistical significance or spatial-pattern stabil-
ity.

The framework organizes model responses into terrain-related and land-cover-re-
lated diagnostic pathways, linking WPS-mapped HGT_M and LU_INDEX differences to
responses in PSFC, UST, HFX, PBLH, TSK, and T2. Temperature evaluation against
MODIS LST and station observations complements these internal diagnostics by distin-
guishing internal physical-consistency diagnostics from observation-based performance
assessment. Near-surface and boundary-layer processes provide context, but their indi-
vidual causal contributions are not isolated; improved temperature agreement alone does
not validate the proposed mechanisms.
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Importantly, larger internal model responses do not necessarily translate into im-
proved agreement with observations. The MODIS and station evaluations in Section 3
show that differences among the static-data configurations are relatively modest com-
pared with the systematic warm biases common to all experiments. Thus, static-data per-
turbations modify the diagnosed internal variables and local temperature fields, but they
do not alone explain the common temperature biases. This distinction between internal
physical sensitivity and observation-based temperature performance provides the basis
for the discussion in Section 5.

5. Discussion

In this study, we examine terrain- and land-cover-related model responses and their
possible process interpretations. For the examined event and model configuration, using
static-data products with higher nominal native resolution did not produce consistent im-
provements in temperature simulation. This section discusses trade-offs in temperature
simulation performance, methodological contributions, and study limitations.

5.1. Terrain-Related and Land-Cover-Related Responses

Terrain and surface-pressure differences were strongly correlated (R = -0.9990 to
-0.9993), consistent with hydrostatic relationships. Terrain MAE was 7.5 m for ASTER30
and 22.8 m for GMTED5m, with GMTED5m PSFC differences ranging from -35.17 to 43.83
hPa. MCD12Q1 changed LU_INDEX in 22.2% of valid grids, expanded mapped urban
coverage, and produced daytime time-mean HFX difference fields with spatial RMS val-
ues exceeding 20 W/m2. These associations do not establish circulation-mediated temper-
ature effects or identify PBL mixing as the cause of diurnal differences. Direct interaction
residuals demonstrate non-additivity, with spatial RMS values of the 192 h mean fields of
0.421 K for TSK and 0.225 K for T2 (Figure S4; Table S10A). Daily diagnostics characterize
temporal variability, while leave-one-date-out checks assess the sensitivity of aggregate
hourly RMS magnitudes to individual dates (Tables S12 and S13). Neither establishes sta-
tistical significance, spatial-pattern stability, or a specific mechanism.

5.2. Counterintuitive Model Performance Trade-Offs

Temperature evaluation shows trade-offs across variables and sampling periods.
C5m had the lowest station-based T2 absolute bias, MAE, and RMSE. For TSK, LU had
the lowest daytime errors, whereas C5m had the lowest pooled and nighttime errors.
Pooled TSK warm biases remained 5.52-5.74 K across configurations on the common He-
nan sample (N = 183,964), a spread of approximately 0.22 K (Tables S4 and S15). Viewing
geometry, emissivity treatment, within-grid heterogeneity, and clear-sky sampling affect
MODIS-TSK comparability, while higher pixel coverage reduces sparse-sampling effects
but does not eliminate these differences. Their contributions to the shared offset are not
isolated. The C5m—CTRL MSE reductions mainly reflect lower squared mean bias despite
increased centered error variance (Table 515). Additional model soil moisture and surface
energy diagnostics are provided in Figure 510 and Table 516, though these diagnostics do
not independently identify the causes of the shared warm bias. Smoothing of mapped
static fields may influence performance but was not isolated. Because C5m changes both
terrain and land cover and its 5’ source spacing is coarser than the fixed 3 km D02 grid,
neither a resolution-only benefit nor a scale-matching advantage is established. These
event-specific results do not identify compensation among particular physical processes.
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5.3. Contribution in Relation to Previous Studies

Previous studies have examined land-cover sensitivity during heatwaves [12], eval-
uated combined terrain and land-cover replacements in WRF [13], and investigated land-
cover aggregation and physical-parameter representation [14]. Here, WPS-mapped
HGT_M and LU_INDEX fields are compared on a fixed 3 km grid, and CTRL, DEM, LU,
and LU + DEM quantify separate and non-additive TSK and T2 responses. C5m provides
a combined-product comparison outside this factorial analysis. The contribution of this
study lies in its integration of documented preprocessing, direct interaction diagnostics,
and temperature evaluation against station and satellite observations. No claim is made
that any individual component is used for the first time. Internal diagnostics provide pro-
cess context without isolating intermediate mechanisms. For this event and model config-
uration, products with higher nominal native resolution did not consistently improve
temperature performance, and this product comparison does not isolate the effect of spa-
tial resolution.

5.4. Study Limitations

This study covers one June 2022 heatwave in Henan under one WRF configuration.
The land-cover comparison combines differences in source, representative period, native
resolution, and classification representation, including water/lake treatment; however,
their separate effects are not isolated. D01 and D02 remain fixed at 9 and 3 km, respec-
tively, so no model-grid-resolution effect is tested. In addition, station measurements dif-
fer from model diagnostics in measurement height and spatial representativeness. With-
out independent process observations and targeted sensitivity experiments, the causes of
the shared warm bias and the physical explanation for the smaller C5m errors remain
unresolved. Transferability requires further events, regions, and configurations.

MODIS thermal-infrared LST is mainly retrieved under clear-sky conditions, so
cloud screening and quality control constrain the sampled locations and overpass times.
Without independent cloud and precipitation data, the weather conditions associated
with missing retrievals and their effects on the evaluation cannot be quantified. Therefore,
this evaluation represents TSK-LST agreement for quality-controlled retrievals during the
event, rather than all-weather surface-temperature performance across Henan. Common
sampling supports comparisons among experiments but does not remove this limitation.
Station air-temperature observations provide complementary information but cannot re-
place missing LST observations. The two variables represent different physical quantities
and spatial and temporal scales.

6. Conclusions

In this study, we investigate how remotely sensed topographic and land-cover static
boundary conditions modulate mesoscale simulations of extreme heat, using one control
run and four sensitivity experiments for the June 2022 heatwave over Henan Province.
We quantify how individual and coupled remote-sensing-derived terrain and land-cover
datasets modify the model’s lower-boundary representation, internal physical responses,
and performance in reproducing surface and near-surface thermal conditions. The key
physical findings and methodological implications of our study are summarized below.

Simulation differences associated with the remote-sensing-derived surface fields re-
flect responses to both land-cover and topographic disparities. Land-cover discrepancies
modify near-surface momentum and energy exchange through the Noah-MP land-surface
scheme. Replacing MODIS15s-lake with MCD12Q1 changed LU_INDEX in 22.2% of valid
grid cells and altered the representation of cropland and urban areas. The daytime HFX
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difference fields had spatial RMS values exceeding 20 W/m?, and these changes were ac-
companied by pronounced spatial and diurnal responses in simulated surface skin tem-
perature (TSK). By contrast, DEM-related terrain differences were accompanied by hydro-
statically consistent surface-pressure differences. ASTER30 produced comparatively
small terrain differences (MAE = 7.5 m), whereas GMTED5m produced larger differences
(MAE =22.8 m) and PSFC differences ranging from —-35.17 to 43.83 hPa. The strong inverse
relationship between AHGT_M and APSFC (R =-0.9990 to -0.9993) is consistent with hy-
drostatic pressure-height relationships but does not demonstrate circulation adjustments
or quantify their contribution to temperature responses.

T2 RMSst responses were smaller than the corresponding TSK responses for All, Day,
and Night, with a larger contrast during daytime (Table S11). This pattern is consistent
with possible modulation by near-surface exchange and boundary-layer processes, but
the diagnostics do not isolate their individual contributions. Direct interaction residuals
indicate non-additive TSK and T2 responses for this event and model configuration, with
full-period RMSmean values of 0.421 and 0.225 K, respectively (Figure S4; Table S10A).

No configuration consistently minimized errors across variables and periods. The
common-sample pooled TSK bias remained 5.52-5.74 K. C5m had the smallest station-
based T2 errors; LU had the smallest daytime TSK errors; and C5m had the smallest
pooled and nighttime TSK errors. Pooled and Night MAE/RMSE rankings persisted across
coverage thresholds, whereas some close Day rankings changed. Thus, stronger internal
responses did not ensure better observational agreement.

We propose a framework that organizes terrain-related and land-cover-related diag-
nostic pathways. This framework compares WPS-mapped HGT_M and LU_INDEX dif-
ferences, internal model responses in PSFC, UST, HFX, PBLH, TSK, and T2, and temper-
ature evaluation against MODIS LST and station observations, distinguishing internal
physical-consistency diagnostics from observation-based performance without establish-
ing causality at every link.

For the examined event and model configuration, using static-data products with
higher nominal native resolution did not produce consistent improvements in tempera-
ture simulation. The compared products differed in data source, representative period,
and nominal native resolution; the land-cover products also differed in classification rep-
resentation, including water/lake treatment. Therefore, these experiments do not isolate
the independent effect of spatial resolution. Static-data selection should consider these
product characteristics together with WPS grid mapping and interactions with model
physics. While the workflow combines WPS-mapped field checks, model-process diag-
nostics, and station and MODIS LST evaluation as a reference for assessing static datasets
in regional heatwave simulations, its transferability to other regions and events remains
to be tested.

Supplementary Materials: The following supporting information can be downloaded at:
https://www.mdpi.com/article/10.3390/rs18213760/s1, Figure S1: Spatial coverage of common valid
D02 grid-level MODIS LST-WREF TSK paired samples for daytime and nighttime overpasses during
12-19 June 2022; Figure S2: Spatial distribution of valid sampling frequency for (a) daytime and (b)
nighttime MODIS LST-WREF TSK evaluation during 12-19 June 2022; Figure S3: Daily differences in
MODIS LST-WRF TSK errors relative to CTRL for common valid D02 grid-cell pairs from 12-19
June 2022; Figure S4: Spatial distributions of the time-mean terrain-land-cover interaction residual
for TSK and T2 over Henan for the full period, daytime, and nighttime; Figure S5: Spatial distribu-
tions of the temporal RMS of the hourly terrain-land-cover interaction residual for TSK and T2 over
Henan for the full period, daytime, and nighttime; Figure S6: Beijing-time hourly composites of TSK
and T2 responses to static-data changes over Henan; Figure S7: Beijing-time hourly composites of

surface-exchange and boundary-layer-height responses to static-data changes over Henan; Figure
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58: Hourly observed 1.5 m air temperature and simulated native 2 m temperature at four illustrative
stations during the 192-hour evaluation window; Figure S9: Mean hourly station-temperature bias
by Beijing hour for common valid observations and all five configurations; Figure S10: Hourly
model diagnostics averaged with equal weights over 17,871 fixed Henan grid cells: first-layer soil
moisture, downward shortwave and longwave radiation, sensible and latent heat fluxes, and
boundary-layer height; Table S1: D02 input grids and interpolation/aggregation settings; Table S2:
D02 smoothing and missing-value settings; Table S3: Generation of fractional land-use coverage and
dominant categories; Table S4: Sensitivity of TSK-MODIS LST errors and experiment rankings to
the minimum paired-pixel coverage threshold; Table S5: Daily numbers of retained D02 grid-cell
paired samples at each minimum paired-pixel coverage threshold; Table S6: Daily numbers and
grid-cell coverage of common valid D02 grid-level MODIS LST-WRF TSK paired samples during
12-19 June 2022; Table S7: Distribution and representativeness of common valid paired samples
across elevation groups and land-cover categories during 12-19 June 2022; Table S8: Daily errors
and error differences relative to CTRL for common valid D02 grid-level MODIS LST-WRF TSK
paired samples during 12-19 June 2022; Table S9: Leave-one-date-out sensitivity of accumulated
errors and experiment rankings; Table 510: Regional statistics of terrain—land-cover interaction re-
siduals and single-factor and combined temperature responses over Henan; Table S11: Regional-
mean responses and RMS measures of TSK, T2, HFX, UST, and PBLH over Henan for the full period,
day-time, and nighttime; Table S12: Daily interaction magnitudes and magnitudes relative to sin-
gle-factor responses; Table S13: Leave-one-day-out interaction statistics and date influence; Table
S514: Selection and common-hour coverage of illustrative stations; Table S15: Common-sample tem-
perature errors and C5m-CTRL mean-squared-error decomposition; Table S16: Model soil-moisture
and surface-energy diagnostics and descriptive associations; Table 517: D02 land-cover categories
and land-water masks before and after WRF initialization; Table S18: D02 mask and available ini-
tialization surface-field changes relative to CTRL; Table S19: MODIS LST-WRF TSK errors strati-
fied by elevation group; Table 520: MODIS LST-WRF TSK errors stratified by land-cover category.
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