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Abstract

High-resolution urban Weather Research and Forecasting (WRF) simulations resolve inter-
actions among urban form, near-surface meteorology, atmospheric dynamics, and building-
energy processes, but their computational cost limits repeated scenario analysis. This study
compares eight pointwise temporal surrogates (Persistence, previous-day same-hour, Ridge,
Random Forest, XGBoost, multilayer perceptron (MLP), gated recurrent unit (GRU), and
long short-term memory (LSTM)) for recursive 24 h prediction of T2, Q2, W10, and WRF-
BEM diagnostic air-conditioning power density (AC) from a 120 h WRF-BEP/BEM-LCZ
heatwave simulation over Chongqing. Model development used three expanding-window
folds, fold-specific scaling, fixed monitoring cells, and five fixed seeds for stochastic fam-
ilies; the h97–h120 full-domain test remained untouched until all modeling choices had
been finalized. Station comparisons provided a limited check on the physical plausi-
bility of the WRF meteorological fields; AC was not validated against metered energy
use. Model performance depended strongly on the target variable. Random Forest per-
formed best for T2 (1.081 ± 0.002 ◦C), LSTM for Q2 (0.969 ± 0.063 g/kg), and MLP for AC
(0.505 ± 0.187 W/m2), whereas deterministic Ridge was best for W10 (1.095 m/s). W10 had
weaker temporal memory (median lag-1/lag-24 ACF 0.581/0.211). Ridge outperformed the
Previous-day baseline for 75.0% of grid cells, although errors increased sharply in the top
wind-speed decile and during rapid changes. For this single-event, single-city benchmark,
recurrent models did not improve W10 accuracy over Ridge. Model choice depended
on the target and the balance between accuracy, spatial fidelity, and computational cost;
transfer to other events and meteorological regimes remains untested.

Keywords: urban WRF; surrogate modeling; model complexity; heatwave; temporal
backtesting; Local Climate Zones; recursive forecasting

1. Introduction
Urbanization replaces vegetated and permeable land with buildings, roads, and other

engineered surfaces. These changes alter radiative exchange, heat storage, aerodynamic
roughness, turbulent transport, and the partitioning of energy into sensible and latent heat.
They contribute to the urban heat island and can intensify thermal stress during heatwaves,
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particularly where dense built form, limited evapotranspiration, and anthropogenic heat
coincide. The Local Climate Zone (LCZ) framework classifies urban and natural landscapes
using physically interpretable surface, structural, and thermal properties [1]. The World
Urban Database and Access Portal Tools (WUDAPT) initiative has also promoted standard-
ized urban morphological data for weather, climate, and environmental modeling [2]. A
subsequent global 100 m LCZ map made consistent urban-form information more widely
available for Earth-system and urban environmental applications [3]. The Weather Research
and Forecasting (WRF) model can combine these data with mesoscale dynamics and urban
canopy representations to simulate urban–atmosphere interactions [4].

High-resolution urban simulations are computationally expensive to repeat, so sur-
rogate models may enable faster analysis of their outputs. Yet greater model complexity
increases computational cost without necessarily improving predictions for every target
variable. Here, we compare eight temporal surrogate families for short-term prediction
during an extreme heatwave in Chongqing. We aim to assess the gains and limitations
of complexity in a controlled case study, rather than to establish a general ranking across
urban climates.

2. Literature Review
Urban WRF performance depends strongly on the representation of urban form and

land-surface heterogeneity. Early developments in urban canopy modeling introduced
physically based urban energy budgets [5], canyon-resolving single-layer formulations [6],
and multilayer surface-exchange parameterizations [7]. These schemes underpin many
current mesoscale urban models. Multilayer urban canopy schemes and the Building Effect
Parameterization/Building Energy Model (BEP/BEM) explicitly describe exchanges involv-
ing roofs, walls, streets, indoor thermal conditions, and building energy demand [8,9]. LCZ-
informed WRF configurations have improved the representation of intra-urban thermal
contrasts during heatwaves [10]. Urban morphology and land-use specifications can mate-
rially affect simulated near-surface meteorology and heat-stress fields [11], and enhanced
urban representation can alter the simulated structure of large-scale heatwaves [12]. Recent
WRF-BEP/BEM applications have also used detailed urban physics to assess metropolitan
heat-mitigation measures [13]. Even local modifications to buildings can affect commu-
nity microclimate [14]. In a mountainous city, this built-form heterogeneity coexists with
terrain-driven differences in local circulation. Representing these processes also increases
computational cost, limiting the number of scenarios, sensitivity experiments, and rapid-
response assessments that can be performed with the full physical model.

Building-energy feedback adds scientific value to urban climate simulations but also
increases their computational burden. Air-conditioning systems remove heat from indoor
spaces and reject it outdoors, creating a two-way climate–energy interaction that can
reinforce urban warming during hot weather [15]. WRF-BEP/BEM has been evaluated
against measurements of building energy use and can reproduce city-scale variability in
energy demand when the relevant urban parameters are adequately represented [16]. Earth-
system modeling has also emphasized spatial variation in air-conditioning adoption and
its contribution to anthropogenic heat [17]. A surrogate for urban WRF-BEP/BEM outputs
should therefore be assessed for both near-surface meteorology and model-diagnosed
quantities such as instantaneous air-conditioning load or power density. The aim is to
retain the temporal and spatial information of the physical model while reducing the cost
of repeated evaluation.

Urban thermal research ranges from localized heating strategies for personal com-
fort [18] to spatial assessment of heat exposure. Recent machine-learning studies have
predicted urban land-surface temperature from urban configuration and land cover [19],
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efficiently estimated high-resolution urban microclimates for adaptation assessment [20],
and quantified nonlinear associations between multidimensional urban morphology and
heat risk across hundreds of cities [21]. These applications identify relationships among
landscape structure, thermal conditions, and heat exposure, but they do not necessarily
emulate the temporal evolution of a process-based atmospheric model. In numerical-model
emulation, the training target is the output of an expensive simulation, and the task is to
reproduce the model response under a specified forecast protocol. Accordingly, this study
treats WRF outputs as surrogate reference targets, rather than observations or observational
ground truths.

Applications of machine learning in weather, climate, and Earth-system modeling
now include forecasting, emulation, parameter estimation, and extreme-event analysis [22].
Hybrid approaches have trained machine-learning components within a general circulation
model and achieved stable weather and climate simulations [23]. Earlier work on random-
forest parameterization also showed that relatively simple algorithms can remain stable
in prognostic settings [24]. For urban applications, Meyer et al. [25] developed a neural-
network emulator that reproduced the collective behavior of several urban land-surface
models and operated within WRF. Other work has used generative methods for reliable
high-resolution climate and weather downscaling [26], Fourier neural operators to super-
resolve near-surface climate fields [27], and WRF-ML to connect WRF with machine-
learning parameterizations [28]. WeatherBench 2 formalized common evaluation data,
operationally informed metrics, and like-for-like comparison for data-driven weather
prediction [29]. These studies cover parameterization replacement, field downscaling,
model-response approximation, and prognostic emulation. The choice of architecture
should therefore reflect the information available to the model and the intended evaluation.

Whether added model complexity reliably improves surrogate skill remains unre-
solved. Recent atmospheric and land-surface studies suggest that such improvements are
not consistent. In a WRF/Noah-MP sensitivity-analysis framework, Di Santo et al. [30]
found that the performance and robustness of several machine-learning families depended
on the response being approximated, rather than increasing monotonically with complexity.
Wesselkamp et al. [31] reported similarly task-dependent behavior when comparing LSTM,
gradient-boosting, and feed-forward neural-network emulators for prognostic land-surface
states. Beucler et al. [32] examined this issue using error-complexity Pareto fronts and
model hierarchies. Lütjens et al. [33] further showed that internal variability can change
the apparent ranking of linear and deep-learning climate emulators, especially for noisy
variables. This concern is particularly relevant in recursive forecasting because a model op-
timized to minimize one-step error may lose accuracy when its predictions are fed back as
inputs. A fair comparison therefore requires strong simple baselines, identical information
content, leakage-free temporal evaluation, repeated runs for stochastic models, and explicit
measurement of computational cost.

The development of large data-driven weather models has expanded the range of
architectures available for emulation. Pangu-Weather used three-dimensional neural net-
works for global medium-range prediction [34], while GraphCast learned global atmo-
spheric evolution on a graph mesh [35]. HRRRCast extended data-driven emulation
to convection-allowing regional forecasts [36], and StormCast used generative diffusion
methods for kilometer-scale convective evolution conditioned on detailed atmospheric
states [37]. Graph methods also support other atmospheric tasks; GATES, for example,
emulates transport from meteorological and surface information [38]. An urban canopy
model has also been trained across diverse building morphologies and meteorological forc-
ing to reproduce urban land–atmosphere exchanges [39]. Together with neural-operator
methods for spatial climate fields [27], these studies address tasks that include spatial
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connections, multivariable states, or training archives much larger than those available for
the single-event pointwise forecast examined here.

Evaluation design is as important as the choice of architecture. Domain-mean RMSE
alone cannot show whether a surrogate for short-term urban WRF forecasts derives its skill
from temporal persistence, accumulates error with lead time, preserves spatial structure, or
fails in the hot and high-load conditions of greatest interest during a heatwave. Domain
averages can also conceal large differences among LCZs and land-cover classes. Weather-
Bench 2 [29] and probabilistic AI-weather benchmarking [40] emphasize explicit baselines
and evaluation protocols rather than reliance on a single summary score. When models
have similar accuracy, computational cost may determine their practical value for scenario
exploration or rapid screening. The land-surface comparison reported in [31] and the Pareto
framework in [32] support an evaluation that combines temporal backtesting, lead-hour
error, spatial-field fidelity, LCZ-stratified results, critical regimes, stochastic stability, and
accuracy-complexity trade-offs.

The relative merits of these model families remain less clear for recursive forecast-
ing of high-resolution urban WRF-BEP/BEM outputs during a single extreme-heat event.
Comparisons in other areas of Earth-system modeling show why this question matters.
Tree ensembles and neural networks can have different strengths in process emulation [41];
emulator-based inference can support land-surface model calibration [42]; physically struc-
tured Bayesian emulators can combine statistical flexibility with process constraints [43];
and machine-learning emulators may augment expensive regional climate simulations [44].
Urban machine-learning studies often relate land-surface or morphological predictors to
outcomes [19–21], whereas advanced weather emulators increasingly rely on multivariate
spatial fields and large training archives [34–39].

Short, event-focused simulations also play a role in WRF evaluation. Bhimireddy
and Bhaganagar [45] assessed dynamic downscaling using observations from targeted
convective periods in the Sagebrush tracer experiments and tested sensitivity to model
configuration. That work provides methodological context for process-specific case studies,
rather than evidence about urban, suburban, and rural land-use effects. Event-level results
still require separate testing before they can support conclusions about seasonal climate or
conditions at other locations.

This study asks whether more complex temporal models improve recursive prediction
when each model receives the preceding 24 h of one WRF variable at the same grid cell.
Eight families are compared for T2, Q2, W10, and the WRF-BEM AC diagnostic in one
120 h Chongqing heatwave simulation. The analysis examines overall accuracy, changes
with forecast lead time, spatial fidelity, and computational cost. The following sections
describe the common development protocol and address these questions using a held-out
24 h period; the resulting rankings are specific to this case.

3. Materials and Methods
The workflow combines WRF simulation and evaluation, leakage-controlled surro-

gate development, and an independent full-domain test (Figure 1). Station observations
provide a check on the physical plausibility of WRF, whereas surrogate models are trained
and evaluated against held-out WRF output. Model structures and hyperparameters are
finalized using h1–h96 before the untouched h97–h120 test period is accessed.
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Figure 1. Study workflow.

3.1. August 2022 Heatwave Event and WRF Dataset

We used a WRF simulation of the August 2022 Chongqing heatwave covering the
period from 00:00 local time on 22 August to 23:00 on 26 August 2022, a continuous
120 h period. The innermost urban domain had 360 × 360 grid cells with a spacing of
approximately 0.33 km. Its urban configuration combines WRF with the Building Effect
Parameterization/Building Energy Model and an LCZ-informed representation [4,8–10].
The surrogate targets are 2 m air temperature (T2, ◦C), 2 m water-vapor mixing ratio
(Q2, g/kg), 10 m wind speed (W10, m/s), and instantaneous WRF-BEM air-conditioning
power density (AC, W/m2). AC is a model diagnostic, not metered building electricity
consumption.

The analysis used a dedicated HDF5 dataset containing T2, Q2, AC, scalar W10, geo-
graphic coordinates, LCZ/land-cover class, urban category, and distance-to-river context.
W10 is the 10 m horizontal wind-speed magnitude, defined as W10 =

√
(U10

2 + V10
2) and

expressed in m/s. It was derived from the same August 2022 WRF simulation and aligned
with the same 120 hourly time steps as the other variables. Automated checks verified
the 120 × 360 × 360 array dimensions, finite non-negative values, time alignment, spatial
metadata, and consistency of the T2/Q2/AC fields throughout the analysis workflow. No
final-test target was used for scaling or model selection.

The urban domain lies within Chongqing Municipality in southwestern China
(Figure 2). Banan, Beibei, Bishan, Jiangjin, Shapingba, and Yubei are the districts con-
taining the six reference stations; the simulation is evaluated across the full grid, not only
within these six administrative units. Rural, suburban, and urban labels in Table 1 describe
station environments, not uniform land-cover classes for entire districts. Built surfaces in-
fluence heat storage, evapotranspiration, aerodynamic drag, and building-energy exchange,
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whereas vegetated and water surfaces have different energy and moisture budgets [1,5–9].
LCZ/land-cover classes represent these surface differences in the spatial diagnostics. Ad-
ministrative outlines provide geographic orientation only; they are neither predictors nor
units for aggregating metrics.

Table 1. Six-station WRF RMSE for 22–26 August 2022. Each value is calculated from the 120 paired
hourly observations and WRF outputs at the corresponding station.

Station Station
Environment T2 (◦C) RH2 (%) W10 (m/s) Q2 (g/kg)

Banan Rural 0.984 4.108 1.323 1.628
Beibei Suburban 1.459 4.320 1.307 1.115
Bishan Urban 1.193 3.377 1.052 1.159
Jiangjin Suburban 0.935 4.478 0.806 1.561
Shapingba Urban 1.148 3.771 0.987 1.068
Yubei Suburban 0.929 3.229 1.059 1.302

The selected period contains five complete diurnal cycles within the prolonged 2022
summer heatwave; it does not represent the entire event. The official Chongqing climate
assessment reports an August mean temperature of 32.5 ◦C, 4.9 ◦C above normal and the
highest since 1961, with the regional heatwave continuing from 24 July to 29 August [46].
The continuous 120 h record provides the sequence required for model development and a
held-out full-day test under sustained extreme heat. The selected dates therefore place the
study within a documented heatwave, but they do not by themselves establish seasonal
representativeness or performance under other weather conditions.

The study-area locator map uses the Ministry of Natural Resources standard map of
China, GS(2019)1652 [47], and DataV district outlines [48]. DataV coordinates were con-
verted from GCJ-02 to approximate WGS84 to align the outlines with the WRF coordinates.
These outlines provide geographic orientation; the WRF grid and LCZ fields define the
analysis domain. Numbered symbols indicate nominal WRF grid references associated
with the station records, not surveyed station coordinates.

3.2. Station-Based Evaluation of the WRF Simulation

We checked the physical plausibility of the WRF reference configuration by comparing
its outputs with observations from Banan, Beibei, Bishan, Jiangjin, Shapingba, and Yubei.
The comparison covers the same 120 h period used for the surrogate benchmark, from
00:00 local time on 22 August to 23:00 on 26 August 2022, and includes 2 m air temperature
(T2), 2 m relative humidity (RH2), 10 m wind-speed magnitude (W10), and 2 m water-vapor
mixing ratio (Q2). Table 1 reports the station-specific RMSE over this period, and Figure 3
shows the corresponding hourly observations and WRF series.

These station comparisons provide a limited check on the physical plausibility of
the WRF simulation, not a formal validation of the full simulated state or of the surro-
gate forecasts. The surrogate benchmark measures fidelity to held-out WRF outputs and
should not be interpreted as direct observation-based forecast validation. The WRF-BEM
AC diagnostic is not evaluated here because no corresponding metered building-energy
observations were used.
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Figure 2. Study area and geographic context: (a) Chongqing in China; (b) Chongqing Municipality
and the WRF domain; (c) WRF land cover and the six station districts. Station-environment categories
in Table 1 do not describe entire districts. Numbered symbols indicate nominal station-associated
WRF grid references. The map in panel (a) is based on the standard map from the Standard Map
Service System of the Ministry of Natural Resources of China (approval No. GS(2019)1652) [47].
District outlines are from DataV [48]; LCZ and water classes are from WRF.

Station RMSE ranged from 0.929 to 1.459 ◦C for T2, 3.229 to 4.478% for RH2, 0.806 to
1.323 m/s for W10, and 1.068 to 1.628 g/kg for Q2 (Table 1). In the 22–26 August 2022 time
series, WRF reproduced the dominant multiday temperature and humidity cycles at all
six stations, although hourly discrepancies varied more for wind speed and Q2 (Figure 3).
The observed cycles and reported discrepancies provide limited support for treating the
WRF meteorological fields as physically plausible reference data for this case. They do not
establish accuracy at every grid cell or under other weather regimes, nor do they establish
the accuracy of the surrogate forecasts against observations.

3.3. Forecast Task and Expanding-Window Backtest

Each trainable model uses the previous 24-hour values of one variable at one grid cell to
predict its value in the next hour. Forecasts beyond one hour are recursive: each prediction
is appended to the input history until a 24 h sequence is complete. Model selection uses
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three expanding-window folds to reduce dependence on any single development interval.
Fold 1 uses h1–h48 for fitting and forecasts h49–h72 from the WRF h25–h48 history; Fold
2 uses h1–h60 for fitting and forecasts h61–h84 from h37–h60; Fold 3 uses h1–h72 for
fitting and forecasts h73–h96 from h49–h72. The folds preserve temporal order and sample
successive phases of the event. This design follows recommendations to avoid random
resampling for non-stationary time series and to use temporally ordered out-of-sample
evaluation [49,50]. Table 2 summarizes the development folds and final test.

Table 2. Temporal development and final-test protocol.

Stage Fit Hours Initialization
History Forecast Target Horizon

Fold 1 h1–48 h25–48 h49–72 24 h
Fold 2 h1–60 h37–60 h61–84 24 h
Fold 3 h1–72 h49–72 h73–96 24 h
Final h1–96 h73–96 h97–120 24 h

 

Figure 3. Station-based evaluation of the WRF simulation from 22 to 26 August 2022. Black solid
lines show hourly station observations, and blue dashed lines show the corresponding WRF series
for T2, RH2, W10, and Q2. Table 1 summarizes RMSE from the same 120 h series. It evaluates WRF
credibility rather than the surrogate forecasts.
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The 24 h history was chosen to include one complete diurnal cycle and to keep the
available temporal input constant across model families and targets. This choice controls
the input available in the benchmark; it does not imply that 24 h is optimal for every
variable. In particular, W10 has weaker temporal persistence than T2 and AC, so a shorter
input history for wind could be useful. Comparing history lengths would introduce an
additional experimental factor and was not considered as part of this study.

All trainable families use the same regular 18 × 18 array of 324 monitoring cells during
development. A separate scaler for each variable is fitted to the training segment of each
fold. Hyperparameters are selected to minimize mean 24 h RMSE across the three folds,
with ties among candidates within 0.5% of the best score resolved in favor of the simpler
specification. Neural-network-stopping epochs are determined only during development
and are then fixed for final refitting. Once all choices are finalized, the selected specification
is refitted on h1–h96 and initialized with the WRF h73–h96 history to forecast h97–h120
over all 360 × 360 grid cells. The final test is excluded from hyperparameter selection,
epoch selection, and model-family choice.

3.4. Model Families and Reproducibility

The benchmark includes naive, periodic, regularized-linear, bagged-tree, boosted-tree,
feed-forward neural, and recurrent-neural families. This family-level comparison follows
emulator studies in which performance depends on the target process and evaluation
objective rather than improving monotonically with nominal complexity [30,31]. Table 3
lists the fixed structure and selection procedure for each family.

Table 3. Benchmark model families and selection procedures.

Family Fixed Structure or Definition Selection and Repetition

Persistence Last available value No fitting
Previous-day Same hour from the previous 24 h No fitting

Ridge 24-lag regularized autoregression α selected from 0.01 to 100
Random Forest Bagged regression trees Two fixed candidate sets; five seeds

XGBoost Gradient-boosted trees Two fixed candidate sets; five seeds
MLP 24–64–32–1; ReLU; dropout 0.2 Five seeds; fixed final epochs
GRU One recurrent layer; 64 hidden units Five seeds; fixed final epochs
LSTM Stacked 128/64 hidden units; dropout 0.2 Five seeds; fixed final epochs

Neural networks are trained with mean-squared-error loss, Adam optimization, and
stopping criteria determined only during development. The fixed final epoch counts for
T2/Q2/AC are 13/4/16 for MLP, 8/3/23 for GRU, and 9/2/12 for LSTM; the corresponding
W10 epoch counts are 8, 8, and 9. Random Forest, XGBoost, MLP, GRU, and LSTM use the
same five random seeds: 42, 31,415, 73,017, 82,216, and 20,260,811. W10 hyperparameters
were selected independently across the same three development folds. The h97–h120 test
was not used for tuning.

3.5. Metrics and Diagnostic Analyses

The primary error metrics are root mean square error (RMSE), mean absolute error
(MAE), and mean error (ME). For N pairs of surrogate forecasts and WRF reference values,
the metrics are calculated as follows:

RMSE =

√√√√ 1
N

N

∑
i=1

(ŷi-yi)2 (1)
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MAE =
1
N

N

∑
i=1

| ŷi−yi | (2)

ME =
1
N

N

∑
i=1

(ŷi−yi) (3)

Here, ŷi is the surrogate prediction and yi is the WRF reference value for sample i.
Scores reported for 6, 12, and 24 h summarize cumulative prefixes from the same forecast
origin, without selecting a favorable origin. Gridwise RMSE is calculated over the 24 final-
test hours. Spatial fidelity is evaluated using hourly spatial Pearson correlation, centered
RMSE, and the ratio of predicted to reference spatial standard deviation. These measures
complement aggregate scores because weather and climate benchmarks call for common
reference data, strong baselines, multiple metrics, and spatially explicit evaluation [29,51].

Spatial added value is measured against the relevant simple baseline using the follow-
ing RMSE difference. Negative values denote an improvement.

∆RMSE = RMSE(trainable)− RMSE(baseline) (4)

The remaining diagnostics include gridwise autocorrelation from lag 1 to lag
48, LCZ/land-cover stratification, distance-to-river classes, maps of the gridwise best-
performing family and its winning margin, and ∆RMSE maps relative to a simple baseline.
The W10 snapshot is the final-test hour with the largest spatial standard deviation in WRF
W10. W10 regimes are defined by quantiles of the final-test targets (≤P25, P25–P75, P75–
P90, and >P90) and absolute hourly tendencies (≤P50, P50–P90, and >P90). These post hoc
thresholds are used only for diagnostic analysis, not for tuning.

To identify where Q2 spatial amplitude was reduced, the spatial-fidelity calculation
was repeated within each LCZ/land-cover class and river-distance bin. Predictions were
first averaged over the five seeds. For each test hour, spatial standard deviation and
Pearson correlation were then calculated across cells within each group. The resulting
metrics were averaged over the 24 test hours. The predicted-to-WRF standard-deviation
ratio and correlation were calculated for both LSTM and Random Forest, with cell counts
recorded for each group. These within-group diagnostics differ from pooled RMSE and do
not alter model selection. Very small groups are retained for completeness but provide an
unstable basis for geographic comparison.

4. Results
4.1. Final Independent-Test Benchmark

No family performed best for all four variables. Random Forest achieved the lowest
T2 RMSE (1.081 ± 0.002 ◦C), LSTM the lowest Q2 RMSE (0.969 ± 0.063 g/kg), and MLP
the lowest AC RMSE (0.505 ± 0.187 W/m2). Deterministic Ridge performed best for
W10 (1.095 m/s), narrowly ahead of Random Forest (1.098 ± 0.001 m/s) and XGBoost
(1.103 ± 0.001 m/s). Mean RMSE was 1.105 ± 0.027 m/s for GRU and 1.147 ± 0.032 m/s
for LSTM. Thus, the recurrent models did not improve W10 accuracy over Ridge in this
event (Table 4; Figure 4).
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Table 4. Full-domain RMSE for the independent h97–h120 test for T2, Q2, W10, and AC. Values for
stochastic families are reported as the mean ± sample standard deviation across five seeds.

Model T2 (◦C) Q2 (g/kg) W10 (m/s) AC (W/m2)

Persistence 2.981 1.054 1.745 1.605
Previous-day 1.689 1.732 1.300 0.529

Ridge 1.497 1.125 1.095 0.526
Random Forest 1.081 ± 0.002 0.980 ± 0.014 1.098 ± 0.001 0.509 ± 0.001

XGBoost 1.109 ± 0.009 1.173 ± 0.017 1.103 ± 0.001 0.607 ± 0.007
MLP 1.385 ± 0.305 1.091 ± 0.115 1.119 ± 0.035 0.505 ± 0.187
GRU 1.339 ± 0.252 1.021 ± 0.136 1.105 ± 0.027 0.679 ± 0.194
LSTM 1.547 ± 0.350 0.969 ± 0.063 1.147 ± 0.032 1.177 ± 0.645

Figure 4. Independent-test 24 h RMSE for all eight model families and four WRF targets, including
seed-level variability for stochastic models. (a) 2 m air temperature (T2); (b) 2 m water-vapor mixing
ratio (Q2); (c) 10 m wind-speed magnitude (W10); (d) WRF-BEM air-conditioning power density
(AC).
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4.2. Temporal Memory, Development Stability, and Lead Dependence

The variables had markedly different temporal structures. Median lag-1/lag-24 auto-
correlation was 0.949/0.925 for T2, 0.857/0.093 for Q2, 0.581/0.211 for W10, and 0.948/0.986
for AC. W10 retained moderate hour-to-hour memory but weak daily recurrence, unlike
T2 and AC. These autocorrelations indicate weaker temporal persistence for W10; they do
not establish which alternative input window or predictors would improve its forecast
(Figure 5).

Figure 5. Gridwise autocorrelation functions (ACFs) calculated over development hours h1–h96,
(a) 2 m air temperature (T2); (b) 2 m water-vapor mixing ratio (Q2); (c) 10 m wind-speed magnitude
(W10); (d) WRF-BEM air-conditioning power density (AC).

Development rankings did not necessarily carry over to the independent test. Across
Folds 1–3, LSTM ranked first for T2, LSTM and GRU were effectively tied for Q2, and
previous-day same-hour ranked first for AC. The untouched final period instead favored
Random Forest, LSTM, and MLP for those variables. Q2 also showed substantial fold-to-
fold variability, so a single validation block would have produced a less reliable model
choice. Figure 6 compares these development rankings with the final-test results.
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Figure 6. 24 h RMSE for the three development folds and the independent final test: (a) 2 m air
temperature (T2); (b) 2 m water-vapor mixing ratio (Q2); (c) 10 m wind-speed magnitude (W10);
(d) WRF-BEM air-conditioning power density (AC).

Lead-hour RMSE patterns differed across the four target variables (Figure 7). For T2,
Random Forest RMSE increased from 0.442 ◦C at lead hour 1 to a maximum of 1.760 ◦C
at lead hour 15, then declined to 0.721 ◦C at lead hour 24. Among the Q2 models shown,
the differences in RMSE were greatest during the early forecast hours. Previous-day
RMSE exceeded 2.0 g/kg from lead hours 1 to 4, while LSTM and Persistence produced
substantially lower errors. At lead hour 24, LSTM had the lowest RMSE among the plotted
Q2 models at 0.645 g/kg. AC followed a different pattern. Persistence RMSE increased
at the middle and later forecast leads and reached 4.052 W/m2 at lead hour 17, whereas
MLP reached a much lower maximum of 1.102 W/m2 at lead hour 9. For W10, Ridge
and Random Forest produced nearly overlapping error profiles. Their RMSE values were
close to 1.3 m/s around lead hours 4 and 5, dropped below 0.9 m/s at lead hour 20, and
increased modestly thereafter.
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Figure 7. Domain-mean final-test trajectories and lead-hour RMSE. The W10 panels show WRF,
Ridge, Previous-day, Persistence, and Random Forest; representative families are shown for the other
variables. (a) mean 2 m air temperature (T2); (b) T2 RMSE; (c) mean 2 m water-vapor mixing ratio
(Q2); (d) Q2 RMSE; (e) mean 10 m wind-speed magnitude (W10); (f) W10 RMSE; (g) mean WRF-BEM
air-conditioning power density (AC); (h) AC RMSE.
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Figure 7 reports RMSE separately at each lead hour, whereas Figure 8 reports cumula-
tive RMSE over the stated 6, 12, or 24 h prefix, starting from lead hour 1. In this same-origin
cumulative-prefix analysis, the preferred model changed as additional forecast hours were
included (Figure 8). For T2, LSTM had the lowest cumulative RMSE over the 6 h prefix at
0.716 ◦C, XGBoost ranked first over 12 h at 0.937 ◦C, and Random Forest ranked first over
the full 24 h prefix at 1.081 ◦C. Persistence achieved the lowest Q2 RMSE over both the 6 h
and 12 h prefixes, with values of 0.767 and 0.922 g/kg, respectively, while LSTM had the
lowest RMSE over the full 24 h prefix at 0.969 g/kg. For AC, Random Forest ranked first
over the 6 h and 12 h prefixes, with RMSE values of 0.346 and 0.446 W/m2, while MLP
achieved the lowest 24 h cumulative RMSE at 0.505 W/m2. For W10, XGBoost achieved
marginally lower RMSE over the 6 h and 12 h prefixes, with RMSE values of 1.200 and
1.121 m/s, whereas Ridge achieved the lowest RMSE over the full 24 h prefix at 1.095 m/s.
Because these scores are nested prefixes from a single forecast origin, they describe error
accumulation within one recursive forecast rather than performance across independent
forecast origins. The model with the lowest RMSE over a shorter prefix was therefore not
always the best-performing model over the full 24 h period.

Figure 8. Same-origin cumulative-prefix RMSE at 6, 12, and 24 h for the four targets; these are prefixes
from one forecast origin, not independent origins. (a) 2 m air temperature (T2); (b) 2 m water-vapor
mixing ratio (Q2); (c) 10 m wind-speed magnitude (W10); and (d) WRF-BEM air-conditioning power
density (AC).

4.3. Spatial Fidelity and Local Model Preference

Spatial-field fidelity varied substantially among the four targets (Figure 9). Across the
final 24 h, Random Forest retained the T2 spatial pattern with a mean correlation of r = 0.946
and a mean spatial standard-deviation ratio of 1.001. MLP reproduced the AC field with
similarly high fidelity: r = 0.998 and a standard-deviation ratio of 1.060. Q2 was less accurately
resolved spatially. Although LSTM had the lowest domain-average RMSE, its mean spatial
correlation was only r = 0.315 and its standard-deviation ratio was 0.298, consistent with the
pronounced smoothing visible in the surrogate field. Ridge provided intermediate spatial
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fidelity for W10, with a mean correlation of r = 0.710 and a standard deviation ratio of 0.687.
The selected W10 map corresponds to event hour h98 (01:00 on 26 August), when the WRF
spatial standard deviation reached 2.230 m/s. At this time, Ridge retained the broad structure
of the wind field but damped some of the local spatial contrasts.

 

Figure 9. Spatial-field fidelity at objectively selected final-test hours. Columns show WRF reference
fields, the selected surrogate, and prediction minus WRF; rows show T2, Q2, W10, and AC. Predictions
are averaged over five seeds for stochastic models. Thin outlines delineate the six districts containing
the stations; abbreviations are defined beneath the panels. The outlines provide orientation only and
do not define the spatial-fidelity metrics. (a) WRF 2 m air temperature (T2); (b) Random Forest T2
prediction; (c) T2 prediction minus WRF; (d) WRF 2 m water-vapor mixing ratio (Q2); (e) LSTM Q2
prediction; (f) Q2 prediction minus WRF; (g) WRF 10 m wind-speed magnitude (W10); (h) Ridge
W10 prediction; (i) W10 prediction minus WRF; (j) WRF-BEM air-conditioning power density (AC);
(k) MLP AC prediction; (l) AC prediction minus WRF.
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Q2 spatial amplitude was reduced in both urban and non-urban cells: LSTM had
mean spatial standard deviation ratios of 0.368 and 0.293, respectively (Table 5). Among
well-represented classes, the ratio was 0.348 in urban class 59 (43,672 cells), 0.416 in urban
class 56 (11,166 cells), and 0.241 over water (class 17; 5770 cells). The corresponding
Random Forest ratios were 0.807, 0.838, and 0.800. Thus, the damping was not confined to
a single surface class. Correlation provides a separate measure of spatial alignment: LSTM
retained a high correlation across water cells (0.947) despite its low amplitude ratio, but its
correlation within class 59 was only 0.073. Near the rivers, its ratio was 0.267 within 1 km
and 0.352 at 1–3 km (Table 6). These descriptive contrasts do not establish a causal river
effect, and the bin beyond 10 km contains only 88 cells.

Table 5. Q2 spatial fidelity by urban status and LCZ/land-cover class.

Group Cells LSTM SD
Ratio

RF SD
Ratio LSTM r RF r

Full domain 129,600 0.298 0.789 0.315 0.439
Urban LCZ 51–60 62,501 0.368 0.826 −0.019 0.088
Non-urban 67,099 0.293 0.823 0.478 0.566
LCZ 1 1633 0.389 0.990 0.176 0.124
LCZ 2 280 0.418 0.982 0.107 0.107
LCZ 4 364 0.442 1.002 0.146 0.156
LCZ 5 29,813 0.419 1.027 0.201 0.119
LCZ 6 324 0.372 0.785 0.032 0.051
LCZ 7 226 0.419 0.870 0.206 0.205
LCZ 8 234 0.436 0.944 0.168 0.154
LCZ 9 167 0.318 0.819 0.029 0.122
LCZ 10 2148 0.389 0.959 0.165 0.159
LCZ 11 25 0.788 1.756 0.346 0.347
LCZ 12 23,249 0.352 0.876 0.151 0.115
LCZ 14 2856 0.349 0.874 0.139 0.063
LCZ 16 10 0.732 1.190 0.140 0.151
LCZ 17 5770 0.241 0.800 0.947 0.952
LCZ 51 91 0.274 0.539 −0.235 0.051
LCZ 52 38 0.523 0.885 −0.320 −0.306
LCZ 53 14 0.613 0.962 −0.196 −0.131
LCZ 54 1083 0.546 0.980 −0.095 −0.164
LCZ 55 1672 0.496 0.915 −0.081 −0.114
LCZ 56 11,166 0.416 0.838 −0.009 −0.034
LCZ 58 4746 0.462 0.815 0.042 −0.043
LCZ 59 43,672 0.348 0.807 0.073 0.084
LCZ 60 19 0.428 0.939 0.291 0.085

RF denotes Random Forest. Ratios are predicted spatial standard deviation divided by WRF spatial
standard deviation; r is Pearson correlation. Values are means over the 24 test hours after averaging
predictions across five seeds. Urban cells are LCZ classes 51–60; all other valid cells form the non-
urban group. Cell counts describe spatial support, not independent temporal samples. Sparse classes
are retained for completeness and should be interpreted cautiously.

Gridwise model rankings varied among variables and across locations (Figure 10).
The median relative winning margin was 5.0% for T2, 11.2% for Q2, 2.33% for W10, and
0.0% for AC. Model separation was weakest for AC, where 53.9% of grid cells had a margin
below 1%. The locally best and second-best families therefore often had nearly identical
RMSE. W10 also showed substantial local competition: 26.0% of cells had margins below
1%, while only 9.9% exceeded 10%. Random Forest, XGBoost, and Ridge were the gridwise
winners over 21.1%, 20.5%, and 19.8% of the domain, respectively, even though Ridge
had the lowest domain-average W10 RMSE. Domain-average rankings therefore did not
apply uniformly across the domain. This distinction was particularly clear for AC, where
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widespread near-ties make the designation of a single local winner less clear, and for W10,
where several models performed similarly across large parts of the domain.

Table 6. Q2 spatial fidelity by distance to river.

Group Cells LSTM SD
Ratio

RF SD
Ratio LSTM r RF r

River 0–1 km 34,356 0.267 0.787 0.591 0.714
River 1–3 km 71,081 0.352 0.844 0.103 0.125
River 3–5 km 20,559 0.349 0.881 0.138 0.130
River 5–10 km 3516 0.325 0.898 −0.004 0.241
River > 10 km 88 0.154 1.627 0.162 0.267

RF denotes Random Forest. Metrics use the same calculation as in Table 5. River-distance bins are
descriptive geographic groups and do not establish a causal river effect. The bin beyond 10 km has
only 88 cells.

 

Figure 10. Spatial distribution of the best-performing model and its relative winning margin for
T2, Q2, W10, and AC over the final 24 h test period. Upper panels show the model with the lowest
gridwise RMSE; lower panels show its percentage advantage over the second-best model relative
to the best-model RMSE. Small margins indicate near ties. Thin district outlines and the key to
abbreviations provide geographic orientation, not district-level model rankings. (a) best-performing
model for 2 m air temperature (T2); (b) best-performing model for 2 m water-vapor mixing ratio
(Q2); (c) best-performing model for 10 m wind-speed magnitude (W10); (d) best-performing model
for WRF-BEM air-conditioning power density (AC); (e) T2 relative winning margin; (f) Q2 relative
winning margin; (g) W10 relative winning margin; (h) AC relative winning margin.
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4.4. Spatial Added Value and Critical Operating Regimes

Compared with the Previous-day baseline, Random Forest reduced T2 gridwise RMSE
at 97.9% of cells, with a median ∆RMSE of −0.672 ◦C. LSTM reduced Q2 RMSE relative
to Persistence at 65.8% of cells, although the improvement was smaller in the static urban
subset. MLP reduced AC RMSE relative to Previous-day at only 22.2% of the full domain;
its mean ∆RMSE nevertheless became negative for urban/BEM-active cells and cells with
high baseline error. Many non-urban or near-zero-load cells are already captured by simple
rules, whereas high-load cells contribute disproportionately to squared error. For W10,
Ridge reduced gridwise RMSE relative to Previous-day at 75.0% of cells; mean and median
∆RMSE were −0.162 and −0.135 m/s, respectively (Figure 11).

Figure 11. Spatial added value of the selected trainable family relative to the relevant simple baseline.
Negative ∆RMSE values indicate improvement. (a) Random Forest minus Previous-day for 2 m air
temperature (T2); (b) LSTM minus Persistence for 2 m water-vapor mixing ratio (Q2); (c) Ridge minus
Previous-day for 10 m wind-speed magnitude (W10); (d) MLP minus Previous-day for WRF-BEM
air-conditioning power density (AC).

Regime-specific results help explain the aggregate scores (Figure 12). Random Forest re-
mained best for T2 in the full urban sample and the top 25%, 10%, and 5% WRF-temperature
subsets. Its RMSE declined from 1.070 ◦C for all urban samples to 0.940 ◦C in the top 5%,
while Persistence substantially underpredicted the hottest states. Random Forest performed
best for Q2 under small tendencies, whereas LSTM ranked first for medium and top-decile
tendencies. For AC, Random Forest performed best at low and medium urban loads, but
MLP performed best in the top-decile regime (1.432 W/m2), where Persistence reached
6.395 W/m2. Figure 13 compares full-domain, urban/BEM-active, and urban-load AC
results. W10 showed a different limitation. Ridge RMSE was 0.777 m/s for moderate winds,
0.988 for high winds, and 2.027 for the top wind-speed decile. It increased from 0.876 under
small absolute tendencies to 1.742 m/s in the largest-tendency decile. Errors therefore
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increased under strong winds and rapid changes; this regime comparison does not establish
whether different predictors or model architectures would remove the deficit.

Figure 12. RMSE for objectively defined T2 high-temperature, Q2-tendency, W10 wind-speed and
absolute-tendency, and AC-load regimes. (a) 2 m air temperature (T2) for all urban samples and the
highest 25%, 10%, and 5% of WRF temperatures; (b) 2 m water-vapor mixing ratio (Q2) under small,
medium, and large absolute hourly tendencies; (c) 10 m wind-speed magnitude (W10) by wind-
speed class and absolute hourly tendency, with ∆ identifying tendency-based groups; (d) WRF-BEM
air-conditioning power density (AC) under low, medium, and high urban loads.

Figure 13. AC performance for the full domain compared with urban/BEM-active cells and across
urban load regimes. (a) comparison between the full domain and urban/BEM-active grid cells for
each model; (b) comparison among models under low, medium, and high urban loads.
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4.5. LCZ, River Context, and Accuracy–Complexity Trade-Offs

Stratification by LCZ and land-cover class showed clear differences in surrogate
performance between urban and non-urban areas (Figure 14). For AC, errors were close
to zero in classes with little or no BEM activity because the reference load was negligible.
Differences among the trainable models were more apparent in urban classes 51 to 60, where
BEM simulated active building-energy demand. This pattern suggests that prediction
difficulty depends partly on the spatial distribution of the target values, not only on the
model family. For AC in particular, large non-urban areas may have low errors while
contributing little to the high-load conditions of practical interest. Classwise RMSE values
should also be interpreted alongside the class-support information in Figure 14, as estimates
from sparsely represented classes are less stable.

Figure 14. LCZ/land-cover RMSE and class support for T2, Q2, W10, and AC. Cell counts are
provided to help avoid overinterpreting results for sparsely represented classes. (a) classwise RMSE
for 2 m air temperature (T2); (b) grid-cell counts for the classes in panel (a); (c) classwise RMSE for
2 m water-vapor mixing ratio (Q2); (d) grid-cell counts for the classes in panel (c); (e) classwise RMSE
for 10 m wind-speed magnitude (W10); (f) grid-cell counts for the classes in panel (e); (g) classwise
RMSE for WRF-BEM air-conditioning power density (AC); (h) grid-cell counts for the classes in
panel (g).
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Stratification by distance to the river revealed a different form of spatial variation
(Figure 15). These distance bins provide descriptive geographic context only and do not im-
ply a causal river effect. For T2, Random Forest outperformed Persistence and Previous-day
in every distance class, so its advantage was not limited to a specific river-proximity zone.
Q2 performance varied more strongly among distance classes, particularly for LSTM. For
AC, MLP and Previous-day produced similar errors in several bins. This result is consistent
with the broader finding that simple temporal baselines remain competitive where building
energy demand is low or close to zero. Figures 14 and 15 therefore indicate that surrogate
performance varies with spatial context, although the magnitude and interpretation of this
variation differ among target variables. No single geographic factor accounts for all of the
observed differences.

Figure 15. RMSE for the best-performing model and simple baselines across distance-to-river
classes for four targets. The analysis provides descriptive geographic context and does not imply
a causal river effect. (a) 2 m air temperature (T2), comparing Random Forest with Previous-day
and Persistence; (b) 2 m water-vapor mixing ratio (Q2), comparing LSTM with the two baselines;
(c) 10 m wind-speed magnitude (W10), comparing Ridge with the two baselines; (d) WRF-BEM
air-conditioning power density (AC), comparing MLP with the two baselines.

The surrogate timings were measured on a CPU-based Windows workstation with two
AMD EPYC 7532 processors, 32 physical cores per processor (64 in total), and 256 GB RAM.
These timings apply to this implementation and workstation, not to the computational
resources used for the underlying WRF simulation or to GPU inference.

Table 7 reports the measured computational requirements of the benchmark models.
Ridge had negligible training costs and required an average of 0.544 s for full-domain
inference. Random Forest was considerably more demanding, requiring 12.655 s for
inference and producing the largest model file (232.107 MB). MLP was relatively lightweight,
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with 3713 trainable parameters and an average inference time of 1.015 s, close to the 1.196 s
required by XGBoost. The recurrent models were much slower. GRU required an average
of 84.660 s for full-domain inference, while LSTM required 448.555 s and contained 116,801
trainable parameters. The additional complexity of these architectures therefore incurred a
substantial computational cost, although it did not always produce a comparable gain in
predictive accuracy.

Table 7. Mean measured complexity across T2, Q2, W10, and AC. Times refer to final refitting and
24 h full-domain inference in the CPU-based computational environment used in this study.

Model Train (s) Inference (s) Parameters Size (MB) Pareto Variables

Persistence 0.000 0.008 0 0.000 Q2
Previous-day 0.000 0.004 0 0.000 T2, Q2, AC, W10
Ridge 0.005 0.544 25 0.001 T2, AC, W10
Random Forest 1.719 12.655 — 232.107 T2, Q2
XGBoost 1.083 1.196 — 1.386 T2
MLP 6.586 1.015 3713 0.018 T2, AC
GRU 57.763 84.660 12,929 0.055 —
LSTM 62.573 448.555 116,801 0.471 Q2

The accuracy–efficiency trade-off differed by target (Figure 16). For T2, Random Forest
achieved the lowest RMSE, while Previous-day, Ridge, XGBoost, and MLP offered less
costly Pareto-optimal alternatives. For Q2, Persistence and Previous-day occupied the
low-cost end of the front, followed by Random Forest and LSTM; LSTM achieved the
lowest error but required substantially more inference time. For AC, Previous-day, Ridge,
and MLP were Pareto optimal, with MLP achieving the lowest error for the WRF-BEM
diagnostic at modest cost. For W10, only Previous-day and Ridge were on the front: Ridge
reduced RMSE from 1.300 to 1.095 m/s, while the nonlinear models offered no gain in
accuracy to offset their additional cost. These trade-offs describe the present test period
and implementation, not a hardware-independent ranking of model families.

Figure 16. Final-test accuracy-complexity Pareto fronts for four targets. Black-edged markers are
non-dominated for each variable. (a) 2 m air temperature (T2); (b) 2 m water-vapor mixing ratio (Q2);
(c) 10 m wind-speed magnitude (W10); (d) WRF-BEM air-conditioning power density (AC).

https://doi.org/10.3390/land15091726

https://doi.org/10.3390/land15091726


Land 2026, 15, 1726 24 of 29

5. Discussion
The station comparison provides limited evidence that the WRF meteorological fields

are physically plausible for this case. It does not formally validate the full simulation or
establish the observation-based accuracy of its surrogates. The benchmark evaluates how
closely models reproduce held-out WRF output, including any biases in that reference. AC
is an instantaneous WRF-BEM diagnostic and has not been validated here against metered
electricity use. These distinctions constrain the interpretation of the application-oriented
findings below.

5.1. Complexity Is Variable- and Objective-Dependent

Within this single-event, single-city benchmark, the results do not support a monotonic
relationship between model complexity and predictive value. This finding agrees with
atmospheric and land-surface emulator comparisons in which the preferred family changes
with the target process, internal variability affects rankings, and added complexity is not
necessarily Pareto-efficient [30–33]. Tree ensembles performed particularly well for T2 in the
present experiment. The 24 h T2 history contained strong daily memory, but forecasts for
the final period still benefited from nonlinear correction. LSTM lowered domain-average
Q2 error, although its spatial smoothing suggests that much of the gain came from trajectory
and bias adjustment rather than reconstruction of local moisture structure. A compact
MLP reduced high-load AC errors; deeper recurrent models added cost and instability
without improving domain-average accuracy. W10 provides a case-specific counterexample
to the use of complexity as a default selection criterion: regularized linear autoregression
outperformed every nonlinear and recurrent family despite the dynamical nature of wind.

For applications under conditions similar to this event, the results identify different
candidates for further testing. Random Forest offers the lowest T2 error and preserves
spatial variability well. LSTM has the lowest aggregate Q2 RMSE but smooths the moisture
field, which limits its usefulness where local contrasts matter. MLP provides a compara-
tively inexpensive approximation of the WRF-BEM AC diagnostic, rather than a validated
estimate of actual building electricity demand. Ridge has the lowest W10 error in this test.
None of these choices have yet been evaluated across independent heatwaves, cities, or
other weather regimes.

5.2. Why Temporal Backtesting Matters

A single validation block would have led to overconfident conclusions and, for some
variables, different model choices. The three development folds reveal phase dependence
within the heatwave, especially for Q2 and the recurrent models. The difference between
development and final-test rankings does not justify post hoc retuning; it indicates temporal
non-stationarity within this short event. Time-series forecasting studies warn that random
resampling can give misleading estimates of performance under temporal dependence or
non-stationarity and recommend ordered holdouts or repeated out-of-sample evaluation
with strong baselines [49,50]. Our expanding-window design follows that principle and
reserves h97-h120 as an untouched final test. It improves robustness within the event but
does not replace validation on independent meteorological events.

5.3. Spatial Fidelity, Critical Regimes, and Added Value

The spatial diagnostics explain why domain-average RMSE is insufficient. Q2 is the
clearest case: LSTM had the lowest mean RMSE but reproduced only a small fraction of
the WRF spatial standard deviation. By contrast, Random Forest for T2 and MLP for AC
retained the main spatial patterns more faithfully. Maps of winning margin and ∆RMSE
also show that the model with the lowest domain-average RMSE has little local advantage
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over simpler alternatives across large areas. This result is consistent with climate-emulator
benchmarks that evaluate spatially resolved fields [51] and with rapid emulators developed
for spatially resolved temperature responses [52]. The issue is particularly relevant for AC
because non-urban and near-zero-load cells occupy much of the domain, while high-load
urban cells contribute more to squared error.

The regime diagnostics also place the aggregate rankings in context. Errors increased
in the strongest winds and during rapid W10 changes, even though Ridge performed best
on average. Spatial neighbors or additional meteorological variables might help represent
these conditions, and a shorter history might better capture some wind variations. The
present experiment does not assess these possibilities: all trainable models use the same
24 h univariate history, with no spatial-input, multivariable-input, or window-length abla-
tion. The results therefore identify limitations of the tested forecasts without establishing
their cause.

5.4. Relation to Modern Weather–AI Architectures

Modern weather models use atmospheric information at scales and resolutions that
differ from those in this benchmark. Evaluations of global AI models show that their
rankings vary with region and forecast objective [53]. GenCast [54] and Aurora [55] use
much broader training archives and atmospheric information. Here, the input is limited to
a local univariate history. Their reported skill cannot establish how they would perform
on this event-level task. Spatial and multivariable surrogates are relevant candidates for
future comparison, but this study does not demonstrate that they would resolve the W10

errors or the Q2 smoothing.

5.5. Limitations

This benchmark covers a single 120 h heatwave simulation in Chongqing, with one
held-out 24 h test period. Its rankings may change across events, seasons, cities, or meteoro-
logical regimes. The three development folds sample different parts of the same event and
are not independent climatological replications. All trainable families use a 24 h pointwise
univariate history; alternative history lengths, spatial neighbors, and additional variables
have not been tested. Their potential benefits remain hypotheses. The station comparison
provides a limited check on WRF meteorological plausibility, while the AC diagnostic lacks
metered-energy validation. Absolute computation times also depend on the hardware,
software, and implementation used. Broader deployment would require evaluation using
independent events and observations suited to the intended application.

6. Conclusions
(1) In this single-event, single-city benchmark, the lowest 24 h RMSE was achieved by

Random Forest for T2 (1.081 ± 0.002 ◦C), LSTM for Q2 (0.969 ± 0.063 g/kg), MLP for
AC (0.505 ± 0.187 W/m2), and Ridge for W10 (1.095 m/s). The AC result concerns
emulation of WRF-BEM diagnostic power density only; it does not establish accuracy
against measured building electricity consumption.

(2) W10 had moderate lag-1 memory but weak lag-24 memory (0.581/0.211). Ridge
outperformed Previous-day at 75.0% of cells, retained 68.7% of WRF spatial variability
on average, and showed much larger errors during strong winds and rapid changes.

(3) Added recurrent complexity did not improve W10 RMSE over Ridge in this test,
and the lowest aggregate Q2 error coincided with substantial spatial smoothing.
These findings support evaluating spatial structure and computational cost alongside
aggregate error in this case. Whether spatial or multivariable inputs would improve
these forecasts remains untested.
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(4) The present results identify case-specific candidate surrogates, not a universal order-
ing of model families. Future comparisons should test alternative input windows
and spatial or multivariable predictors across independent events and cities before
drawing conclusions about transfer to other meteorological regimes.
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Abbreviations

WRF Weather Research and Forecasting Model
BEP Building Effect Parameterization
BEM Building Energy Model
LCZ Local Climate Zone
T2 2 m air temperature
Q2 2 m water-vapor mixing ratio
AC WRF-BEM instantaneous air-conditioning power density
RMSE Root Mean Square Error
MAE Mean Absolute Error
ME Mean Error
MLP Multilayer Perceptron
GRU Gated Recurrent Unit
LSTM Long Short-Term Memory
W10 10 m horizontal wind-speed magnitude
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