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Towards Rapid and Data-Efficient Urban Climate Assessment 1 

using Machine Learning Frameworks 2 

 3 

 4 

Abstract  5 

High-resolution physics-based urban climate models provide detailed representations of intra-urban thermal 6 

variability, yet their computational and data demands limit their use for rapid city-scale climate assessment and 7 

operational planning. This study develops and evaluates two complementary Machine Learning Frameworks 8 

(MLFs), FS-MLF (Fine-scale) and CS-MLF (Coarse Scale), that emulate near-surface air temperature from 9 

Atmospheric Dispersion Modelling System for urban environments (ADMS-Urban) simulations in Birmingham, 10 

UK. The study addresses two questions: (i) to what extent can machine learning support rapid prediction and 11 

spatial gap filling of high-resolution urban climate outputs? and (ii) how sensitive are fine- and coarse-scale 12 

representations to training-data availability and spatial configuration? In this study, FS-MLF predicts temperature 13 

at the Fine-scale using local neighbourhood information, while CS-MLF (U-MOSAIKS) learns compact coarse 14 

representations when only coarse-scale predictions are available. Both frameworks reproduced the dominant 15 

spatial thermal patterns with high accuracy, with FS-MLF achieving R² = 0.85–0.93 and CS-MLF R² = 0.83–0.95 16 

on held-out test data. Performance remained strong using only 10% of training data, while geographically 17 

distributed random sampling (test R² = 0.91–0.93) matched or exceeded concentrated sampling spatially, 18 

highlighting the importance of spatial representativeness over sample density alone. Training-data experiments 19 

further showed convergence towards test R² ≈ 0.94–0.96 with 50–70% of available samples. The findings 20 

demonstrate that machine learning can substantially reduce the computational burden of high-resolution urban 21 

climate emulation while retaining spatial fidelity, providing a scalable pathway for citywide climate adaptation 22 

assessment, urban digital twins, and climate-resilient planning. 23 
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1. Introduction 44 

Urban areas are on the front line of climate change due to the concentration of populations, infrastructure, and 45 

economic activity in urban environments. Moreover, cities are bearing the compounded burden of rising global 46 

temperatures and intensifying local heat extremes. This combination makes urban climate adaptation a critical 47 

priority for sustainable development (Pörtner et al., 2022; Oke et al., 2017; Pinheiro et al., 2026). Urban climate 48 

research shows that extreme heat is one of the most significant and rapidly growing urban health risks, with urban 49 

heat island (UHI) effects amplifying ambient temperatures and increasing heat-related morbidity and mortality 50 

(Morabito et al., 2019; Briegel et al., 2025; Unger et al., 2018; Stewart & Oke, 2012; Zhong et al., 2025). Despite 51 

growing importance of Urban Climate Adaptation Indicators (UCAIs), recent work (Patel et al., 2025; Mäkinen et 52 

al., 2020) highlights that their operational use remains limited. The major concerns listed are a lack of high-53 

resolution datasets, as well as methodological challenges in translating heterogeneous urban data into reliable 54 

spatial adaptation maps. This constitutes a critical barrier to formulating effective climate adaptation and health 55 

resilience strategies at the urban scale (Tyler et al., 2016; Araos et al., 2016; Leiter, 2021).   56 

Urban climate models provide a powerful means of addressing these challenges, offering the capability to generate 57 

detailed thermal maps that capture fine-coarse scale (10 m – 100 km) spatial heterogeneity across cities (Wang et 58 

al., 2025; Carmeliet et al., 2026; Lean et al., 2024). The high-resolution urban climate models such as, ADMS-59 

Urban (Zhong et al., 2025; Biggart et al., 2021), PALM-4U (Maronga et al., 2019), ENVI-met (Bruse et al., 2023), 60 

and U-WRF (Barlage et al., 2016) are capable of representing thermal heterogeneity across a range of spatial 61 

scales, from microscale processes to meso- and local-scale atmospheric patterns. Moreover, these models 62 

incorporate urban morphology, land-cover composition, terrain characteristics, anthropogenic heat emissions, and 63 

meteorological forcing (Wang et al., 2025; Masson et al., 2002; Michau et al., 2023; Hertwig et al., 2021; B. Yang 64 

et al., 2012) to generate efficient urban climatic maps. However, despite their capability and physical realism, 65 

these urban climate models remain computationally expensive, data-intensive, and operationally demanding 66 

(Briegel et al., 2025).  67 

Recent review studies (Heo et al., 2026; Masson et al., 2020; Villefranque et al., 2022; Briegel et al., 2023; Samad 68 

et al., 2026; Briegel et al., 2025) emphasise that conventional urban climate simulations frequently require 69 

extensive pre-processing workflows, repeated parameter calibration, and high-performance computing resources, 70 

limiting their operational applicability for rapid scenario exploration for climate-resilient planning. Moreover, even 71 

minor modifications to urban geometry, meteorological forcing, or land-cover characteristics typically necessitate 72 

re-running the entire simulation, incurring substantial computational time and operational cost (Briegel et al., 2023; 73 

Wang et al., 2025). For example, Wu et al. (2021) demonstrated that urban climate simulations at 250 m resolution 74 

require more than two orders of magnitude greater computational resources than an equivalent domain at 2.5 km 75 

resolution. Moreover, this work (Wu et al., 2021) underscores the non-linear increase in computational demand 76 

associated with higher-resolution urban climate modelling. These limitations reduce the practical feasibility of 77 

physically based urban climate models for real-time applications and rapid assessment of urban climate adaptation 78 

strategies (Heo et al., 2026). 79 

These computational and operational constraints have motivated a growing number of researchers to investigate 80 

Machine Learning (ML) frameworks as efficient alternatives for emulating complex urban climate simulations 81 

(Amnuaylojaroen, 2025; Briegel et al., 2023, 2025; Gu et al., 2025; Miniandi et al., 2025; Samad et al., 2026; 82 

Syeda et al., 2025;  Wu et al., 2021; Yang et al., 2012; Zhang et al., 2024). These data-driven ML methods are 83 

now widely recognised as efficient alternatives, or complements, to conventional physics-based modelling 84 

frameworks (Samad et al., 2026; Luo & Chen, 2025; Vahid & Aly, 2025). Among these, image-to-image deep 85 

learning architectures, particularly U-Net-based models, have become widely used due to their strong capability 86 

for spatial prediction and feature preservation (Ronneberger et al., 2015; Briegel et al., 2025). For instance, Lu et 87 

al. (2023) and Briegel et al. (2025) employed U-Net frameworks which are used to emulate large-eddy simulation 88 

(LES). They used SOLWEIG outputs, predicting wind speed (U), mean radiant temperature (Tmrt), and air 89 

temperature (Ta), respectively. However,  Delgado Enales et al. (2024) noticed in their work at Bilbao, Spain that 90 

a defining characteristic across these studies have heavy reliance on large, well-sampled training datasets, typically 91 

following conventional 80/20 train–test splits (Briegel et al., 2025; Amnuaylojaroen, 2025; Hsu et al., 2022; 92 

Zumwald et al., 2021; Samad et al., 2026b). 93 

This dependence on data-rich training conditions means that the robustness of existing ML frameworks under 94 

limited or sparsely distributed observational and simulation data remains largely less explored (Amnuaylojaroen, 95 

2025; Samad et al., 2026b). Consequently, there is a need to develop ML-based approaches that maintain reliable 96 

predictive performance when training data are scarce. In this context, the Multi-task Observation using Satellite 97 
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Imagery and Kitchen Sinks (MOSAIKS) framework offers a promising alternative. By combining simple image 98 

encoding with linear models, MOSAIKS has demonstrated competitive predictive performance while substantially 99 

reducing computational cost, enabling scalable and globally transferable applications in data-limited settings (Rolf 100 

et al., 2021). Despite these advantages, its potential has been less investigated for emulating high-resolution micro- 101 

and meso-scale simulation outputs (Briegel et al., 2023). In particular, the ability to generate city-wide urban maps 102 

from only a limited number of micro-scale simulations could provide a valuable solution for cities where 103 

comprehensive simulation datasets are unavailable (Li et al., 2026). Recent work by Li et al. (2026) demonstrates 104 

the potential of machine learning to emulate high-fidelity urban microclimate simulations, showing that a deep 105 

neural network trained on only 36 high-fidelity simulations can accurately reconstruct three-dimensional 106 

temperature fields, with a mean absolute percentage error of less than 1.2%. While Li et al. (2026) primarily 107 

demonstrate the accuracy and computational efficiency of DNN-based reconstruction of high-fidelity microclimate 108 

fields, the present study extends this approach towards scalable city-scale urban climate emulation. Specifically, 109 

we develop and evaluate complementary fine- and coarse-scale ML frameworks and systematically investigate the 110 

effects of training-data availability and spatial sampling configuration on prediction accuracy and spatial gap 111 

filling. This provides new insights into how ML-based emulation can balance spatial fidelity, data requirements, 112 

and computational efficiency for rapid citywide urban climate assessment. This wok demonstrate the potential of 113 

ML for predicting urban microclimate conditions from limited simulation data. Although recent advances in 114 

numerical approaches such as the Hu et al. (2025) have used Lattice Boltzmann Method (LBM) to improve the 115 

feasibility of high-resolution urban airflow simulations through their efficient parallelisation and suitability for 116 

large-scale urban domains, generating detailed simulations over extensive areas, these can still involve substantial 117 

computational resources, particularly when repeated simulations are required across different conditions and 118 

scenarios. Developing a framework capable of learning from such simulation data and transferring the learned 119 

relationships across a wider urban area therefore provides a complementary strategy for reducing the amount of 120 

high-fidelity simulation data required, while supporting efficient and data-robust urban temperature prediction. 121 

To address this gap, we introduce FS-MLF and CS-MLF, as an adaptation of the MOSAIKs framework for 122 

urban climate applications (U-MOSAIKS) emulating high-resolution urban climate model predictions. This study 123 

systematically evaluates the effects of training sample size and spatial training tile size on ML predictions using 124 

identical predictor datasets derived from ADMS-Urban outputs (Zhong et al., 2025), at a neighbourhood-scale 125 

spatial resolution. Moreover, the ADMS-Urban simulations are treated as the truth, with the objective of 126 

developing a computationally efficient surrogate emulator that reproduces their outputs at substantially lower 127 

computational cost. Weather-station observations are also used, but only as an independent reference for evaluating 128 

the realism of the simulated fields, rather than as the direct prediction target. 129 

Specifically, the study addresses two key questions: (1) To what extent can ML Frameworks support rapid 130 

prediction, spatial gap filling, and scalable urban climate model outputs?  (2) How sensitive are the proposed fine 131 

(pixel-based) and coarse (U-MOSAIKS) frameworks to variations in training sample size? Both these proposed 132 

frameworks are aim to substantially reduce computational cost while maintaining high spatial fidelity. Moreover, 133 

they provide an efficient pathway for generating citywide, high-resolution urban climate information to support as 134 

an assessment tools for climate adaptation, digital twins, and climate-resilient urban planning. 135 

2. Study design and Machine Learning Frameworks (MLFs) 136 

2.1 Study area 137 

Birmingham is the second-largest city in the United Kingdom, with a population of approximately 1.15 million 138 

(Office for National Statistics, 2023), and exhibits a heterogeneous urban structure spanning dense city-centre 139 

development, low-rise residential suburbs, industrial and commercial zones, and extensive green space. This is 140 

reflected in a diversity of Local Climate Zones (Stewart and Oke, 2012), several of which have been identified 141 

across the city under the WUDAPT Europe mapping initiative (Demuzere et al., 2019), corresponding to marked 142 

variation in building height, density, and surface cover. The city also spans a notable elevation gradient, sitting on 143 

the Birmingham Plateau at roughly 100–300 m above sea level, rising to 315 m in the adjoining Lickey and Clent 144 

Hills to the SouthWest, terrain shown to influence local temperature patterns, with the comparatively higher ground 145 

of southwest Birmingham associated with cooler conditions. Birmingham has a temperate maritime climate 146 

(Köppen–Geiger classification), with urban temperature patterns further shaped by the distribution of built 147 

surfaces, vegetation, and water bodies, and by a well-documented urban heat island effect (Chapman et al., 2015; 148 

Bassett et al., 2016). This combination of heterogeneous urban morphology, terrain, and surface characteristics 149 

makes Birmingham a suitable testbed for evaluating whether ML frameworks trained on spatially limited 150 
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simulation data can reproduce temperature patterns across a wider urban area and for assessing the transferability 151 

of the proposed approach to other cities with comparable or contrasting urban and topographic characteristics. 152 

 153 

2.2 ADMS-urban model output for Birmingham, UK 154 

 155 

The present study uses an existing high-resolution ADMS-Urban Temperature and Humidity (ADMS-Urban 156 

T&H) simulation dataset for Birmingham, UK, originally developed and evaluated by Zhong et al. (2025). ADMS-157 

Urban T&H, developed by Cambridge Environmental Research Consultants (CERC), is a physics-based urban 158 

climate model that represents spatial variations in air temperature by accounting for ground and latent heat fluxes 159 

associated with surface thermal properties and moisture availability. Previous studies have demonstrated its ability 160 

to reproduce neighbourhood-scale air temperature patterns (Hamilton et al., 2014; Maggiotto et al., 2014; Wang 161 

et al., 2019; Tiwari et al., 2021). Zhong et al. (2025) generated the Birmingham simulations at a 50-m spatial 162 

resolution and 1-hour temporal resolution using thermal admittance, surface resistance to evaporation, and albedo 163 

to represent key controls on the urban surface energy balance. Their simulations incorporated land cover, terrain, 164 

normalised building volume, surface roughness, and hourly upwind meteorological conditions. The model domain 165 

covered the minimum bounding square enclosing Birmingham with an approximately 15% outward buffer, and 166 

the simulations were performed on the University of Birmingham's BlueBEAR supercomputer. The present study 167 

uses the resulting ADMS-Urban T&H output for 11:00 on 26 August 2019 as the reference dataset for developing 168 

and evaluating the proposed machine-learning frameworks. Zhong et al. (2025) evaluated this model output against 169 

Landsat 8-derived land surface temperature, providing an independently assessed physics-based representation of 170 

the spatial thermal pattern. Thus, rather than conducting new ADMS-Urban simulations, this study builds on the 171 

computationally intensive simulations already produced by Zhong et al. (2025) and investigates their emulation 172 

using machine-learning approaches. 173 

 174 

2.3 Study design 175 

Surface characteristic layers for Birmingham at 50 m × 50 m spatial resolution, including (i) thermal admittance 176 

(thc), (ii) surface resistance to evaporation (evp), (iii) albedo (alb), (iv) surface roughness length (ruf), (v) 177 

normalised building volume (nbv), and (vi) terrain elevation (ter), were used as input variables to predict target 178 

near-surface air temperature for year 2019. Using QGIS 3.40, all raster layers were partitioned into a regular grid 179 

of 50 × 50 pixel (where 50 x 50 pixel spatial resolution = 1 tile = 2.5 km x 2.5 km), with alternative spatial 180 

resolution tile configurations evaluated to assess sensitivity to spatial partitioning (Supplementary Figure S1). 181 

Each tile contained a co-registered stack of the six-predictor layers and the corresponding near-surface air 182 

temperature values over an identical spatial extent. This approach provides a consistent training and prediction 183 

unit for both modelling frameworks (Figure 1). This common tiling strategy ensured spatial alignment between 184 

predictor and target datasets, minimised the risk of pixel-level misregistration, and facilitated systematic quality 185 

control through the identification and removal of incomplete or corrupted spatial patches before ML framework 186 

development. 187 
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 188 

Figure 1: Workflow two Machine Learning (ML) frameworks for predicting air temperature from ADMS-Urban simulation 189 

outputs: (3A) a fine resolution, spatially explicit framework, and (3B) a coarse Urban-MOSAIKS-style framework Solid arrows 190 

indicate workflow direction; dashed arrows indicate data/information flow. Blue boxes denote fine-resolution workflow, 191 

orange boxes denote coarse-resolution workflow, and green boxes denote shared pre-processing steps.  192 
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2.4 Machine Learning Frameworks (MLFs) 193 

 194 

This study proposes two ML frameworks for predicting near-surface air temperature from ADMS-Urban derived 195 

outputs. These two frameworks are the i) Fine-scale Machine Learning Framework (FS-MLF) and ii) Coarse Scale 196 

MOSAIKS based MLF (CS-MLF). These two methods are complementary to each other and operate at different 197 

spatial scales.   198 

 199 

2.4.1 Fine-scale Machine Learning Framework (MLF-FC) 200 

This framework treats every individual pixel within every tile as a training observation. The workflow of this 201 

framework is mentioned in Figure 1 (3A) and explained below.  202 

i) Tile loading and data cleaning (Figure 1, Section 3A.1-3A.2): Each 50 x 50 pixel tile is loaded for all 203 

six input variable layers and the target layer. Then data cleaning performed to remove infinite values and 204 

outliers before feature construction.  205 

ii) Pixel-wise feature extraction (Figure 1, Section 3A.3): For each pixel, 18 features are derived from six 206 

input-layer variables. For each variable, three features are calculated: the original pixel value, the mean 207 

value calculated from the target pixel and its eight immediately adjacent pixels (3 × 3 neighbourhood), 208 

and the corresponding standard deviation within the same neighbourhood (6 variables x 3 statistics = 18). 209 

This neighbourhood-based representation embeds local spatial context directly into each pixel’s feature 210 

vector.  211 

A spatial context sensitivity analysis was conducted for the pixel-based reconstruction model to quantify 212 

the influence of neighbouring information. The neighbourhood size k was systematically varied over 213 

k ∈ {1, 3, 5, 7, 9} 214 

For each configuration, adjacent grid cells surrounding each target pixel were included as input features. 215 

Each model variant was independently trained and evaluated to assess the effect of spatial context on 216 

predictive accuracy, spatial coherence, smoothness of reconstructed fields, and preservation of local 217 

thermal gradients. This procedure enables identification of an optimal neighbourhood configuration that 218 

balances local detail preservation with spatial stability. Where k ∈ {1, 3, 5, 7, 9} represents a spatial 219 

neighbourhood window of adjacent grid cells. This formulation explicitly incorporates local spatial 220 

context to improve continuity and reduce discontinuities in reconstructed temperature fields. 221 

 222 

Figure 2: Relationship between neighbourhood kernel size and model performance using the coefficient of 223 

determination (R2) on held-out test data for the pixel-based spatially explicit machine learning framework. 224 

iii) Dataset construction (Figure 1, Section 3A.4): Every valid pixel becomes one training sample, so 225 

the resulting dataset has pixel-level granularity.  226 
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iv) Model training (Figure 1, Section 3A.5): A ridge regression model with regularisation parameter 227 

selected via cross-validation (RidgeCV) is fitted to the standardised pixel-level feature set using 228 

scikit-learn.  229 

v) Spatial cross-validation and Output (Figure 1, Section 3A.6-10): Spatial generalisation is tested 230 

eight application scenarios: i) four involving prediction and ii) four involving gap filling (details in 231 

results). For example, if we are using a 10% random train-test split scheme, the rest of the datasets 232 

will be used as training tiles (rest 90%). The various applications have been explored in the results 233 

section. Then, the results are evaluated against the original ADMS-Urban data using test R2, that is, 234 

the coefficient of determination on held-out test data. The result is a fine-resolution air temperature 235 

map at native pixel-level prediction, preserving spatial details. 236 

 237 

2.4.2 Coarse Scale (U-MOSAIKS) Machine Learning Framework (CS-MLF) 238 

 239 

This framework treats each 50 x 50 pixel tile as a single training observation. This approach summarises 240 

its spatial content into one descriptive vector in the style of the MOSAIKS (Multi-task observation using 241 

satellite Imagery Sinks) approach introduced by (Rolf et al., 2021). The CS-MLF provides a practical 242 

solution for applications where meteorological datasets are spatially sparse or unavailable at fine spatial 243 

scales. By aggregating information at the coarse level, it allows CS-MLF to apply in data-scarce regions 244 

while still capturing the broader spatial patterns relevant to the analysis. This is particularly useful during 245 

preprocessing urban climatic maps, where fine-scale spatial detail may not be necessary and a coarser 246 

representation can provide sufficient information with lower data and computational requirements. 247 

i) Tile loading and data cleaning (Figure 1, section 3B.1-3B.2): As in framework 1, each tile’s six 248 

input variable layers and target layer are loaded and infinite values, outliers and NaNs are  removed.  249 

ii) Urban-MOSAIKS tile representation (Figure 1, section 3B.3): In this framework, each tile is 250 

reduced to a single feature vector as an input variable layer. This produces six coarse, tile-level 251 

representations of the input layer and predicts the air temperature.  252 

iii) Dataset construction (Figure 1, section 3B.4): Each tile becomes one training sample, so the 253 

resulting dataset has coarse (tile-level) granularity. This framework mimics the common scenario in 254 

which only coarse-grained predictor data is available for simulation and emulation.  255 

iv) Model training (Figure 1, section 3B.5): As in FS-MLF, a RidgeCV  regression model is fitted to 256 

the tile-level datasets.  257 

v) Spatial cross-validation and Output (Figure 1, section 3B.6-10): Spatial generalisation is tested 258 

in eight application scenarios: i) four involving prediction and ii) four involving gap filling (details 259 

in results) for coarse resolution.  The tiles are generated tile-level test sets and reassembled into 260 

coarse spatial maps, filling in missing gaps. Performance is quantified using test R2. The result is a 261 

coarse-resolution air temperature map at the coarse resolution.  262 

Overall, the two frameworks represent complementary approaches to spatial temperature prediction. FS-MLF 263 

preserves fine-scale spatial variability by operating at the pixel level and explicitly incorporating neighbourhood 264 

information, enabling the reconstruction of continuous high-resolution temperature fields. Moreover, CS-MLF 265 

adopts a coarse, tile-based representation, where random fourier features provide a nonlinear representation of the 266 

spatial information within each tile, enabling efficient prediction of a single representative temperature value. 267 

While both frameworks employ RidgeCV regression and identical train–test partitioning, they differ 268 

fundamentally in how spatial information is represented, the granularity of prediction, and the required granularity 269 

of the input data (Table 1). 270 

Table 1: Description of the Fine-scale resolution (FS-MLF) and Coarse Scale resolution U-MOSAIKS (CS-MLF) Machine 271 

learning frameworks. This table summarises the prediction strategy, target formulation, feature representation, spatial 272 
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information integration, training configuration, regression approach, pre-processing steps, validation strategy, and output 273 

characteristics used in each framework. 274 

 Fine-scale MLF (FS-MLF) Coarse Scale MLF (CS-MLF) 

Prediction Unit Individual pixels Entire tile 

Target Variable Pixel temperature Mean temperature per tile 

Features Raw variables + spatial statistics Deep neural network embeddings 

Spatial Information Explicitly calculated (3×3 mean/std) Learned implicitly by CNN 

Training Samples Thousands of pixels per tile One sample per tile 

Regression Model RidgeCV RidgeCV 

Standardisation Standard Scaler applied No explicit scaling shown 

Output Full temperature map One value per tile 

Validation All pixels in random test tiles Random test tiles 

Detailed spatial    

Prediction 
Yes No 

 275 

2.5 Spatial holdout experiments 276 

To assess the spatial generalisability of Machine Learning Frameworks (MLF), spatial holdout experiments were 277 

conducted using ADMS-Urban near-surface air temperature field for Birmingham, UK as reference data (Figure 278 

3). In each experiment, the model was trained on a spatial subset and evaluated on a geographically distinct, unseen 279 

subset. For the experiments 50 x 50 pixel tiles (2.5 km x 2.5 km) have been used. In addition to that, the sensitivity 280 

of the framework to spatial tile size was evaluated using additional configurations of 10 × 10 (500 m x 500 m), 25 281 

× 25 (1.25 km x 1.25 km), and 100 × 100 pixels (5 km x 5 km) (Supplementary Figure 1).  282 

We conducted eight different experiments to test different skills and potential future applications: 283 

Prediction-based applications 284 

1) Spatial generalisation from sparse training data (Random 10%) (Figure 3,5 (a)): The objective here 285 

is to assess whether the proposed approach can produce  accurate, city-wide, fine-resolution temperature 286 

predictions when expensive simulator is run only on a limited subset of locations to reduce total 287 

simulation time. 288 

2) Urban Core - Sprawl extrapolation (Figure 3,5 (b)): This scenario focuses on extending the learned 289 

spatial relationships beyond the urban core, with the aim of predicting temperatures across surrounding 290 

urban-sprawl areas using training data obtained exclusively from densely developed regions. 291 

3) North - South spatial transfer (Figure 3,5 (c)): To examine the transferability of the approach across 292 

geographically separated regions, temperature predictions are generated for one part of the city using 293 

simulation data from the Northern region of Birmingham. 294 

4) West - East spatial transfer (Figure 3,5 (d)): A complementary spatial-transfer scenario is considered 295 

by training the approach on Western Birmingham and applying it to the Eastern region. This evaluates its 296 

ability to generate reliable temperature estimates when simulation data are available only in a 297 

geographically distinct area. 298 

 299 

 300 

 301 

 302 
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Spatial gap-filling experiments 303 

5) Row-wise spatial gap filling (Figure 4,6 (a)): Here, a continuous strip of temperature data is 304 

intentionally removed from the city domain, and the proposed approach is used to reconstruct the missing 305 

region based on simulations available on either side of the gap. 306 

6) Column-wise spatial gap filling (Figure 4,6 (b)): The orientation of the missing region is changed to 307 

provide a complementary gap-filling scenario. Temperature values within a continuous column-wise gap 308 

are reconstructed using information from the neighbouring simulated areas. 309 

7) Localised single-tile gap filling (Figure 4,6 (c)): A more localised form of missing-data reconstruction 310 

is examined by removing an isolated tile from the simulation domain. The approach must infer the 311 

temperature within this area from the surrounding spatial context. 312 

8) Extreme sparse-data reconstruction (Figure 4,6 (d)): The final experiment represents an extreme data-313 

scarcity scenario, in which only a single tile is retained for training. The resulting model is then used to 314 

reconstruct temperature predictions across the wider city, providing a stringent assessment of its ability 315 

to generalise from extremely limited simulation data. 316 

 317 

3. Results 318 

The following sections 3.1, 3.2 and 3.3 evaluate both MLFs for 8 experimental scenarios (4 prediction application-319 

based + 4 gap-filling based) and their performance with varying training sample sizes. 320 

3.1 Fine-scale prediction based and gap-filling scenarios (FS-MLF)  321 

The performance of the Fine-scale spatially explicit MLF was evaluated for pixel-level prediction and spatial gap 322 

filling experiments. The framework was first assessed by varying the spatial neighbourhood size (k = 1,3,5,7 and 323 

9) to examine the local spatial context accuracy (Figure 2). The neighbourhood kernel size 3x3 shows high 324 

performance with a test set coefficient of determination (test R2) value of 0.92. Therefore, for all the experiments 325 

we have used a 3 x 3 kernel size. For each configuration, the model was trained using the pixel-wise feature set 326 

and evaluated through spatial cross-validation using independent tile-based prediction schemes. Model 327 

performance was quantified using test R2. 328 
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 329 

Figure 3:  Prediction-based applications of the Machine Learning Framework (FS-MLF) for Fine-scale resolution, pixel-based 330 

near-surface air temperature estimation. For each scenario, column 1 presents the spatial distribution of the training data, 331 

column 2 shows the reference ADMS-Urban simulation, column 3 shows the FS-MLF predicted near-surface air temperature, 332 

and column 4 presents the corresponding prediction error (reference − prediction). (a) FS-MLF is trained using a random 10% 333 

sample of the available data and applied to predict temperature across the remaining 90% of the city. (b) The model is trained 334 

within the urban core and extrapolated to the surrounding urban-sprawl areas. (c) The model is trained using data from the 335 

northern part of Birmingham and applied to predict temperatures in the southern part. (d) The model is trained using the 336 

western part of Birmingham and applied to predict temperatures across the eastern region. The scenarios progressively assess 337 

the ability of FS-MLF to generalise from sparse, spatially concentrated, and geographically separated training data to 338 

previously unseen areas. 339 
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Fine-scale prediction-based scenarios: Figure 3 presents the performance of the pixel-based fine resolution 340 

machine-learning framework (FS-MLF) across two complementary applications: spatial prediction and gap filling. 341 

The spatial prediction experiments (Figure 3 (a-d)) assess the framework's ability to evaluate different training 342 

configurations by varying the spatial distribution of the training data. These include prediction within a citywide 343 

reconstruction using randomly selected 10% of available data (Figure 3a), urban core – sprawl (Figure 3b), 344 

Northern-Southern split (Figure 3c), and Western-Eastern split (Figure 3d). Moreover, the gap-filling experiments 345 

(Figure 4 a-c) assess the capability of the frameworks to reconstruct missing regions by withholding an entire row 346 

of tiles (Figure 4a), an entire column of tiles (Figure 4b), and a single tile prediction using all the datasets (Figure 347 

4c) and prediction of the entire map using single tile test data (Figure 4d). For each experiment, the Figure presents 348 

the spatial distribution of the training data, the reference ADMS-Urban modelled data as test sets, FS-MLF 349 

predicted test results and corresponding prediction error (Observed-Predicted). Together, these experiments 350 

provide a comprehensive assessment of the framework's ability to reproduce Fine-scale temperature patterns, 351 

preserve local thermal variability and accurately reconstruct missing spatial information across urban 352 

environments in this case, Birmingham, UK, presented domain.  353 

Training on a random 10% sample and predicting the remaining 90% yielded a high R2 of 0.92 (Figure 4a), 354 

demonstrating that FS-MLF can achieve reliable fine-scale predictions from relatively sparse training data. The 355 

other proportions of the training data (10-70%) were also explored, as shown in Figure 8. Similarly, training on 356 

the urban core and predicting the surrounding urban sprawl resulted in R2=0.89 (Figure 4b), indicating that the 357 

model can effectively transfer information from data-rich, thermally heterogeneous urban centres to less-observed 358 

peripheral areas. Directional extrapolation further showed strong performance, with West-to-East prediction 359 

achieving R2=0.92 (Figure 4c), whereas North-to-South prediction yielded a comparatively lower R2=0.88 (Figure 360 

4d). This difference suggests greater spatial heterogeneity along the North–South direction, potentially influenced 361 

by variations in environmental conditions such as wind patterns. However, this mechanism cannot be directly 362 

established from the present experiments. Overall, the consistently high test R2 values (0.88–0.92) demonstrate the 363 

robustness of FS-MLF for spatial extrapolation and its potential to fill fine-scale informative predictions where 364 

complete city-wide high-resolution mapping is constrained by data availability or computational requirements. 365 

Fine-scale gap-filling scenarios: The gap-filling experiments demonstrated consistently strong reconstruction 366 

performance across all tested spatial configurations, confirming the ability of FS-MLF to infer missing Fine-scale 367 

information from surrounding observations. Withholding the middle row of tiles (Figure 4a) yielded the highest 368 

performance (test R2=0.93), followed by the middle-column gap (Figure 4b; test R2=0.91), indicating that FS-MLF 369 

can effectively reconstruct relatively large, spatially contiguous missing regions. Reconstruction of a single 370 

missing tile produced a slightly lower test R2 of 0.89 (Figure 4c), while the most challenging configuration –  using 371 

only a single tile for testing and predicting the remainder of the domain (Figure 4d) yielded test R2=0.85. 372 

Nevertheless, under this most restrictive scenario, the model retained substantial predictive skill, highlighting its 373 

potential for fine-scale gap filling in cities or domains where observations are sparse and computationally intensive 374 

high-resolution microclimate simulations cannot be performed comprehensively. 375 
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 376 

Figure 4:  Spatial gap-filling capability of the fine-scale, pixel-based FS-MLF framework under progressively challenging 377 

data-availability scenarios. (a) All tiles except row 6 are used for model training, with the withheld row predicted as a spatial 378 

gap. (b) All tiles except column 6 are used for training, with the withheld column reconstructed by the model. (c) A single tile 379 

is withheld from the complete domain and predicted using the remaining tiles as training data, representing localised gap 380 

filling. (d) Only a single tile is used for training, while the remaining domain is predicted, representing an extreme sparse-data 381 

scenario for large-scale spatial reconstruction. 382 

 383 

 384 

 385 
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3.2 Coarse-scale Machine Learning Framework (CS-MLF)  386 

To evaluate model performance at coarser spatial resolution and assess its suitability for city-scale applications, 387 

CS-MLF was evaluated using the same four spatial holdout configurations adopted for FS-MLF. CS-MLF and FS-388 

MLF and therefore provide complementary capabilities. While FS-MLF is designed for fine-resolution, pixel-389 

based prediction where fine-scale input and model output data is available for training, CS-MLF is designed for 390 

applications where only coarse-scale model outputs or coarse-scale input data are available for training. Together, 391 

the two frameworks provide flexibility for addressing a range of urban environmental prediction and data-gap-392 

filling requirements. 393 

Coarse-scale prediction-based scenarios: The coarse-resolution experiments demonstrated consistently strong 394 

spatial generalisation across all four configurations. Training on a random 10% of tiles and predicting the 395 

remaining 90% produced the best overall performance, with a test R2 of 0.93 (Figure 5a), indicating that CS-MLF 396 

can effectively learn spatial relationships from a relatively small subset of the available data. Training on the urban 397 

sprawl and predicting the urban core (Figure 5b) yielded a test R2 of 0.89, demonstrating robust transferability 398 

between areas with contrasting urban characteristics. For directional extrapolation, training on the northern half 399 

and predicting the southern half (Figure 5c) resulted in the lowest performance, with test R2=0.87 and, whereas 400 

training on the western half and predicting the eastern half (Figure 5d) achieved higher performance (test R2=0.91). 401 

The comparatively lower performance for the North-South configuration suggests greater directional variability in 402 

the underlying temperature field, consistent with the spatial heterogeneity observed in the fine-resolution 403 

experiments.  404 
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 405 

Figure 5: Coarse-resolution prediction performance of the Machine Learning Framework  (CS-MLF) under four spatial 406 

training–prediction configurations.  For each configuration, column 1 presents the training data, column 2 the corresponding 407 

ADMS-Urban reference field, column 3 the CS-MLF predicted field (Urban-MOSAIKs), and column 4 the prediction error 408 

(Observation − Prediction). (a) CS-MLF is trained using a random 10% subsample and applied to predict the remaining 90% of 409 

the city. (b) The model is trained in the urban core and applied to predict the urban sprawl. (c) The model is trained in Northern 410 

Birmingham and applied to predict the Southern half. (d) The model is trained in Western Birmingham and applied to predict 411 

the Eastern half. These configurations assess the ability of CS-MLF to generalise across sparse, contrasting, and spatially 412 

separated training domains at coarse resolution. 413 
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 414 

Figure 6: Spatial gap-filling capability of the coarse-scale (2.5 km × 2.5 km) CS-MLF framework under progressively 415 

challenging data-availability scenarios. (a) All tiles except row 6 are used for training, with row 6 withheld for prediction. (b) 416 

All tiles except column 6 are used for training, with column 6 withheld for prediction. (c) A single tile is withheld for prediction, 417 

with all remaining tiles used for training, and (d) only a single tile is used for training, while the remaining domain is predicted. 418 

Coarse scale gap-filling based scenarios: To understand the performance of gap-filling scenarios, four gap-filling 419 

configurations were evaluated using CS-MLF, with an additional extreme sparse-data scenario in which only a 420 

single tile was used for training and the remainder of the domain was predicted. Withholding the middle row 421 

(Figure 6a) yielded test R2=0.95, withholding the middle column (Figure 6b) produced test R2=0.95, demonstrating 422 

strong reconstruction performance. Predicting the single withheld tile (tile 6, 6) provided a representative case of 423 

localised gap filling with R2 = 0.92 (Figure 6c) .  Consequently, the result is interpreted as an illustrative measure 424 

of single-tile reconstruction accuracy rather than a generalisable performance metric. In the most restrictive 425 

scenario, where only one tile was used for training and the remaining domain was predicted, CS-MLF achieved 426 

test R2=0.84 (Figure 6d), demonstrating that the framework retains substantial predictive capability even under 427 

extremely limited training-data availability. Overall, these results highlight the strong potential of CS-MLF for 428 

coarse-scale spatial gap filling, particularly in data-sparse applications where complete citywide observations are 429 

unavailable. 430 

 431 

 432 



16 

 

 433 

Figure 7: Summary of test R² performance of FS-MLF (Fine-scale, blue) and CS-MLF (coarse scale, red) across eight spatial 434 

validation scenarios: Random 10% sampling, Urban Core–Sprawl, North–South (N–S), West–East (W–E), Middle Row, Middle 435 

Column, Single Prediction Tile, and Single Training Tile. Bar height represents the test R², with values annotated above each 436 

bar. 437 

Figure 7 summarises the test R² values obtained for FS-MLF and CS-MLF across eight spatial training and 438 

prediction configurations. Both frameworks achieved high predictive performance across the tested scenarios, with 439 

R² values generally ranging from 0.84 to 0.95. For FS-MLF, R² values ranged from 0.85 to 0.93, with the highest 440 

value observed for the Middle row Split (R² = 0.93) and the lowest values for the Single prediction tile and Single 441 

training tile scenarios (R² = 0.85). Moreover, CS-MLF produced R² values between 0.84 and 0.95, with the highest 442 

values obtained for the Middle row split and Middle column split scenarios (R² = 0.95), while the lowest value 443 

was observed for the Single training tile split (R² = 0.84). The Random 10% split also resulted in high R² values 444 

for both frameworks (0.91 for FS-MLF and 0.93 for CS-MLF). Overall, the results show that both frameworks 445 

maintained high predictive performance across different spatial configurations, while variations in R² indicate that 446 

the spatial arrangement of the training and prediction data influences model performance. 447 

3.3 Assessment of model robustness under varying training data availability 448 

The influence of training-data availability on predictive performance was evaluated by incrementally increasing 449 

the training fraction from 10% to 70%, with each configuration assessed over 100 independent iterations to 450 

characterise variability arising from data sampling (Figure 8). Both FS-MLF and CS-MLF exhibit pronounced 451 

data efficiency, attaining median test R² values of approximately 0.85 and 0.86, respectively, using only 10% of 452 

the available training data. At this stage, the 25th–75th percentile bands are comparatively wide (approximately 453 

0.79–0.90 for FS-MLF and 0.81–0.90 for CS-MLF), reflecting heightened sensitivity to sample composition when 454 

training examples are scarce. Median R² increases steadily with training fraction for both frameworks, reaching 455 

approximately 0.91–0.92 at 30% and 0.93–0.95 at 50%, before plateauing at 0.94 (FS-MLF) and 0.955 (CS-MLF) 456 

at 70% training data. The percentile bands narrow progressively and consistently across this range, collapsing to a 457 

near-negligible width by 60–70%, indicating that predictive performance becomes increasingly stable and 458 

insensitive to the specific data subset sampled as training data availability increases. 459 

 460 

 461 

 462 

 463 

 464 

 465 

 466 

 467 
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 468 

 469 

Figure 8: Performance of FS-MLF and CS-MLF predictive performance across increasing training data sizes (10–70%) with 470 

100 repetitions, showing (a) Test R² for FS-MLF (blue) and (b) Test R² for CS-MLF (red). Solid lines represent mean values, and 471 

shaded bands indicate the 25th–75th error percentile range. 472 

The two frameworks demonstrate broadly consistent predictive performance for 100 repetitions across the range 473 

of training data, while serving complementary modelling objectives. CS-MLF generally achieves a marginally 474 

higher median (R2) than FS-MLF across most training-data proportions; however, these differences should not be 475 

interpreted as a direct measure of superiority, given that the two frameworks address different prediction tasks. 476 

Rather, the results indicate that both approaches maintain stable predictive performance for their respective tasks 477 

as the amount of training data increases.  Collectively, these results indicate that both frameworks approach near-478 

optimal predictive skill well before the full training dataset is required. Overall, across the evaluated range, median 479 

R² increases from approximately 0.85 to 0.94 for FS-MLF and from approximately 0.86 to 0.955 for CS-MLF 480 

between 10% and 70% training data, corresponding to absolute gains of approximately 0.09 R² units (9 percentage 481 

points) for both frameworks, or a relative improvement of approximately 10–11% over the 10% training-data 482 

baseline. 483 

4. Discussion 484 

In this work, we developed and evaluated two ML frameworks, FS-MLF and CS-MLF, for urban near-surface air 485 

temperature modelling. As part of this effort, we introduce U-MOSAIKS, to our knowledge the first adaptation of 486 

the MOSAIKS approach (Rolf et al., 2021) to an urban climate context, providing a data-efficient means of 487 

encoding spatial patterns of near-surface air temperature. The following sections discuss the performance, 488 

transferability, and limitations of both frameworks in light of these results. Rather than representing competing 489 

approaches, the two frameworks were designed to address different requirements within urban climate modelling. 490 

FS-MLF (Figures 3 and 4) explicitly resolves spatial heterogeneity by operating at the Fine-scale (pixel-level) and 491 

incorporating local neighbourhood statistics into the feature space. This enables the reconstruction of continuous 492 

near-surface air temperature fields and the identification of intra-urban thermal contrasts, including hotspots and 493 

cooling corridors. In contrast, CS-MLF (Figures 5 and 6) compresses each spatial unit into a learned CNN-based 494 

embedding and predicts a single temperature value per tile. This provides an emulation solution when only coarse-495 

scale training data is available, at the expense of resolving sub-tile variability (Table 1). Overall, the findings 496 

suggest that FS-MLF and CS-MLF provide complementary solutions, with FS-MLF being more suitable for 497 

applications requiring detailed characterisation of intra-urban thermal variability, while CS-MLF offers advantages 498 

where computational efficiency and broader spatial prediction are prioritised. 499 

The consistent sensitivity of both frameworks to the geographical configuration of training data, most pronounced 500 

under directional (Figure 3 and 5) (West–East, North–South) and urban core-sprawl partitioning, suggests that the 501 

observed performance variability is not an artefact of model architecture but rather reflects the intrinsic spatial 502 

organisation of Birmingham's thermal landscape. This interpretation is consistent with a growing body of evidence 503 

that spatial heterogeneity and urban morphology exert a stronger control on model transferability than algorithmic 504 

choice alone (Zhong et al., 2025; Briegel et al., 2025; Amnuaylojaroen, 2025; Samad et al., 2026b). Taken together 505 

with the gap-filling (Figure 4 and 6) and training-density experiments, these results point to two at least partially 506 

independent sources of predictive skill: local spatial proximity, which improves performance as neighbouring 507 

training-tile density increases, and spatial representativeness, which allows sparse but geographically distributed 508 

samples such as Random 10% configuration to match or exceed spatially concentrated strategies despite minimal 509 
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local adjacency. This finding echoes prior work showing that training data composition and sampling design can 510 

influence predictive error more strongly than data volume alone (Li & Sharma, 2024) and reframes an apparently 511 

technical modelling choice as a substantive methodological consideration for future urban climate applications, 512 

where training data are rarely both abundant and evenly distributed across the domain of interest. These results 513 

also motivate a shift away from framing FS-MLF and CS-MLF as competing solutions and toward viewing them 514 

as complementary components of a broader modelling strategy. FS-MLF offers superior spatial resolution but is 515 

relies on fine-scale training data, whereas CS-MLF provides a robust coarse-scale alternative when only coarse-516 

scale training data is avaialbe.  517 

The relationship between training sample size and predictive uncertainty (Figure 8) further underscores the 518 

practical viability of both frameworks for data-constrained urban climate applications. Recent studies have 519 

demonstrated the potential of machine learning to achieve high predictive accuracy in urban climate applications. 520 

However, many approaches rely on relatively large and well-sampled training datasets and predominantly adopt 521 

conventional 80/20 train–test splits (Briegel et al., 2025; Amnuaylojaroen, 2025; Hsu et al., 2022; Zumwald et al., 522 

2021; Delgado-Enales et al., 2024; Samad et al., 2026b). Consequently, the extent to which high predictive 523 

performance can be maintained with substantially reduced training data remains less explored. In contrast, the 524 

present study systematically evaluates training-data availability across 10–70% of the available simulations, 525 

providing a more explicit assessment of data requirements and predictive performance under data-constrained 526 

conditions. 527 

 Notably, both FS-MLF and CS-MLF achieve strong median performance (R² ≈ 0.85–0.86) using as little as 10% 528 

of the available training data, demonstrating that neither framework requires extensive labelled datasets to capture 529 

the dominant spatial patterns governing near-surface air temperature variability across the domain. While the 530 

comparatively wide 25th–75th percentile bands at low training fractions (approximately 0.79–0.90 for FS-MLF 531 

and 0.81–0.90 for CS-MLF) indicate greater sensitivity to the specific subset of tiles sampled, this uncertainty 532 

diminishes rapidly and consistently as training data availability increases, with both frameworks converging 533 

toward stable, narrow-band performance (R² ≈ 0.94–0.96) by 50–70% training data. Importantly, this progressive 534 

stabilisation, rather than a delayed onset of skill, suggests that additional training data primarily serves to constrain 535 

variance rather than to unlock fundamentally new predictive capability. This shows a distinction with direct 536 

practical relevance, given that reliable performance under limited data conditions is often more operationally 537 

valuable than marginal gains in peak accuracy. This robustness under sparse-sampling conditions is particularly 538 

encouraging for real-world deployment, where extensive, spatially exhaustive training data are frequently 539 

unavailable due to limited sensor coverage, computational constraints, or the cost of high-resolution urban 540 

morphology datasets. This supports the broader transferability of both FS-MLF and CS-MLF to cities or regions 541 

where only partial training coverage can be obtained. Running time and computational resources are important 542 

considerations when comparing ML-based emulation with conventional urban climate models. Although 543 

extending the simulations to 24 hours would increase the amount of input data and prediction steps, this would not 544 

result in a similarly large increase in computational time for the trained ML frameworks. Once trained, the models 545 

can generate predictions efficiently without rerunning the underlying physics-based simulations. Thus, even for 546 

longer simulation periods, the computational demand is expected to remain substantially lower than that of 547 

repeated high-resolution urban climate model simulations. 548 

Taken together, these results demonstrate that FS-MLF and CS-MLF achieve robust and spatially transferable 549 

performance when supplied with an equivalently rich set of morphological and land-cover predictors, with 550 

predictive skill remaining consistently high (R² > 0.83) even under the most spatially demanding single-tile train-551 

to-rest configuration. This confirms that the frameworks are well suited to spatial emulation of ADMS-Urban 552 

output, provided the full complement of informative input datasets is available,  a condition readily met in most 553 

urban climate modelling contexts since the required predictors (albedo, normalised building volume, terrain 554 

elevation, thermal admittance, surface resistance to evaporation, and surface roughness length) are routinely 555 

derivable from standard land-use, terrain, and building datasets. It should be noted that both frameworks are 556 

currently conFigured for spatial rather than temporal prediction, having been trained and evaluated on a single 557 

representative snapshot (11:00, 26 August 2019) whose underlying ADMS-Urban output was independently 558 

validated against Landsat 8-derived land surface temperature, UK Met Office and Weather Underground 559 

observations, and complementary satellite datasets (Zhong et al., 2025). However, the workflow is, in principle, 560 

readily extensible to other hours of the day given equivalent inputs and reference data, a promising direction for 561 

future work. Where the input feature set is more limited, for instance, when only albedo, normalised building 562 

volume, and terrain elevation are available, performance declines accordingly (Supplementary Figures S2 and S3). 563 

This effect is most pronounced under the more spatially demanding splits, for the Fine-scale configuration, R² falls 564 

from 0.931 to 0.436 under the row split and from 0.850 to 0.073 under the single-tile-to-rest split, while the Coarse 565 

Scale configuration shows an analogous decline from 0.950 to 0.649 (middle row) and 0.837 to 0.190 (single tile 566 

to rest). The comparatively modest reduction observed for the middle-column splits (0.951 to 0.892 and 0.912 to 567 

0.429) suggests that residual spatial overlap and land-cover heterogeneity between training and test regions can 568 
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partially offset the loss of thermophysical predictors. This reflects that the omitted parameters (thermal admittance, 569 

surface resistance to evaporation, surface roughness length) carry thermophysical information on heat storage, 570 

evaporative cooling, and aerodynamic mixing that is not recovered from morphological and terrain variables alone. 571 

Rather than pointing to a weakness in the modelling approach, this sensitivity highlights the value of these land-572 

cover-related parameters and reinforces that, wherever such datasets are available, FS-MLF and CS-MLF provide 573 

more complete information. Moreover, Meyer et al. (2019, 2022) confirm that predictor informativeness, rather 574 

than algorithmic choice, is often the dominant factor governing spatial prediction accuracy, reinforcing that, 575 

wherever informative morphological and land-cover predictors are retained, FS-MLF and CS-MLF offer an 576 

efficient and reliable route to high-resolution spatial gap-filling and predictive characterisation of urban 577 

temperature fields. 578 

5. Summary and future scope 579 

This study makes three principal contributions to urban climate emulation. First, it presents, to our knowledge, the 580 

first translation of the MOSAIKS approach into an urban climate context, introducing U-MOSAIKS as a data-581 

efficient means of encoding spatial patterns of near-surface air temperature from satellite and morphological 582 

imagery, extending a framework previously applied mainly in socioeconomic and land-cover mapping. Building 583 

on this, two complementary frameworks, FS-MLF and CS-MLF, were developed and evaluated for spatial 584 

emulation of near-surface air temperature in Birmingham: FS-MLF, operating at the pixel level with local 585 

neighbourhood information, captured fine-scale thermal heterogeneity, while CS-MLF used tile-level CNN 586 

embeddings to provide a more computationally efficient and comparatively robust representation at the expense 587 

of sub-tile variability. Second, both frameworks proved valuable and efficient under limited data conditions. This 588 

retains strong predictive skill (median test R² ≈ 0.85–0.86) with as little as 10% of the available training data, with 589 

performance stabilising at R² ≈ 0.94–0.96 once 50–70% of the data were used. Third, the frameworks demonstrated 590 

that a single modelling approach can serve a dual purpose, delivering both high-accuracy spatial prediction and 591 

reliable gap-filling of missing urban data, sustaining R² values from 0.83 up to 0.95 across most spatial cross-592 

validation configurations when informative morphological and land-cover predictors were retained. 593 

Taken together, these findings show that ML-based emulation can provide useful, high-resolution urban climate 594 

information at a fraction of the computational and data cost of physics-based modelling alone, and that the range 595 

of spatial training–predicting configurations tested here supports the frameworks’ applicability for rapid, spatially 596 

explicit urban climate assessment. The present results, however, represent a spatial case study based on a single 597 

validated snapshot (11:00, 26 August 2019). Future work should therefore extend the frameworks from spatial 598 

emulation towards spatiotemporal prediction, evaluating performance across different times of day, weather 599 

conditions, and seasons, and testing transferability across multiple cities with contrasting urban forms and climatic 600 

contexts. Further investigation of adaptive or optimised sampling strategies could help identify the minimum 601 

number and spatial arrangement of training observations required for reliable predictions. Collectively, such 602 

developments would strengthen the potential of ML frameworks to generate operational urban heat mapping, 603 

climate adaptation assessment, and planning decisions in data-constrained urban environments. 604 
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