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Hynek Řezníček2, and Jaroslav Resler2

1Department of Atmospheric Physics, Faculty of Mathematics and Physics, Charles University Prague, V Holešovičkách 2,
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Abstract. Validating urban short-wave radiation in numerical models is non-trivial, as city measurements are heavily in-

fluenced by multiple reflections, absorption, and shading processes driven by the three-dimensional urban morphology and

vegetation. At the same time, urban micro-scale models are typically forced by only two types of solar radiation inputs: i) field

measurements, often represented by the global radiation, rarely by the combination of short-wave and long-wave radiation;

and ii) data given from coarser-resolution models. We conduct a novel high-resolution evaluation study of the PALM model5

(v25.04), driven by the regional WRF model-derived radiative forcing configured in two distinct parameterisation setups, across

a multi-episode ensemble spanning from clear-sky to overcast conditions. We validate and quantify PALM’s ability to explic-

itly resolve the spatiotemporal propagation of short-wave radiation and its interaction with heterogeneous urban landscapes

against measurements collected from the stations located in morphologically variant urban settings with different solar access.

Results demonstrate that PALM resolves urban- and vegetation-induced short-wave radiative exchange (i.e., canyon trapping,10

vegetation shading, building reflections, interaction with urban surfaces and dynamic timing) with high fidelity regardless of

the urban setting. This performance highlights the model’s ability to explicitly capture the 3D micro-scale heterogeneity of

the urban canopy, providing a detailed representation of radiative interactions and their dynamic timing. The study reveals the

dominant role of biases: despite PALM’s explicit physical detail, the errors embedded in meso-scale cloud fields and radiation

inputs cannot be fully compensated for by the micro-scale model. This work is a benchmark for the validation of high-resolution15

urban radiative transfer exchanges and shows that future progress in street-scale micrometeorological simulations hinges on

rigorous verification of cloud representation and radiative fields in the meso-scale driving data.
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1 Introduction

Proper assessment of urban environments using high-resolution environmental prediction models is a prerequisite for im-

proving the well-being of urban dwellers in densely populated built-up areas (Baklanov et al., 2018). The ever-increasing20

urbanisation (United Nations, 2024), combined with climate change and continuous urban development, is exacerbating exist-

ing environmental hazards, such as increased heat stress, disrupted thermal comfort, air pollution, and water scarcity (Lehnert

et al., 2023; Vieira Zezzo et al., 2023). Cities comprise complex urban structures with numerous land-cover components (e.g.,

urban fabric, transit roads, green spaces, water bodies, sports and leisure facilities). Such a configuration of cities alters and

unevenly distributes incoming short-wave radiation from the Sun, thereby affecting radiative exchange processes within the25

urban boundary layer (Freitas et al., 2015; Oke et al., 2017; Liu et al., 2020; Krč et al., 2021; Geletič et al., 2023; Schoetter

et al., 2023). The specific set of interactions with incident solar radiation associated with urban trees primarily involves shad-

ing, transpiration, and effects on air temperature, among other factors (Wang and Akbari, 2016; Chen et al., 2021; Geletič et al.,

2022; Grylls and van Reeuwijk, 2022).

The aforementioned properties of cities exacerbate an already complex process of modelling urban areas and climate, par-30

ticularly with respect to radiative processes. As spatial resolution increases, the complexity of radiative processes increases.

The necessity of a proper understanding of radiation exchange processes in urban environments has been recognised by the

World Meteorological Organization (2024), and the need for their accurate representation in numerical models designed for the

urban boundary layer has been highlighted by Krč et al. (2021). Given the complexity of a micro-scale urban environment, it

is necessary to consider the interactions of buildings and vegetation with short- and long-wave radiation, as well as reflection,35

scattering, and thermal emission (Salim et al., 2022). The accurate evaluation of the sky view factor (SVF; Krč et al., 2021) is

another important aspect of the radiative transfer model (RTM) since it strongly influences the amount of incoming radiation

(Gál and Kántor, 2020). Thus, the SVF influences the surface radiation balance and is a key component in describing urban

climatology at scales below 100 m (Dirksen et al., 2019). Since the SVF affects the interaction of short-wave and long-wave

radiation from the sky and the surface, its proper estimation by numerical models is necessary (Salim et al., 2022).40

Recently, in the practical application of high-fidelity modelling results, there has been increasing demand from urban plan-

ners, architects, and municipalities for the estimation of biometeorological indices (Matzarakis et al., 2010; Jänicke et al.,

2015; Geletič et al., 2021). However, most of these indices are strongly dependent on radiation, typically expressed as mean

radiant temperature (MRT; Krč et al., 2021). According to Wallenberg et al. (2020), MRT is the most significant meteorological

variable affecting human energy balance and thermal comfort on clear, sunny days. Outdoor MRT combines the impacts of45

short-wave and long-wave radiation fluxes in outdoor environments. While long-wave radiation is an important component of

the overall radiative balance, especially in indoor or shaded environments, short-wave radiation is often the dominant driver of

elevated MRT values outdoors, particularly at high solar altitudes and under clear-sky conditions. Although MRT derivation

strictly requires integrating both short-wave and long-wave radiation flux densities, the variability of outdoor MRT during the

daytime is heavily influenced by short-wave radiation flux (Lee et al., 2014). Short-wave outdoor MRT includes all components50

of solar radiation: direct, reflected (from surfaces), and sky-diffused radiation. MRT is further used for the calculation of other
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biometeorological indices, such as predicted mean vote (PMV; Fanger, 1967), physiologically equivalent temperature (PET;

Höppe, 1999), or universal thermal climate index (UTCI; Jendritzky et al., 2012). Given these facts, it is essential to accurately

simulate short-wave radiation in the numerical model (Matzarakis et al., 2010).

The theoretical basis and the level of sophistication achieved in the assessment of urban radiation fields rely on modelling55

approaches that differ in their physical complexity and in the representation of radiative transfer processes. A common starting

point is a relatively simple one-dimensional diagnostic model that calculates radiation fluxes through a single vertical column,

focusing primarily on radiative exchange in urban geometries with resolved buildings and trees. The radiation calculation

methodology typically estimates quantities such as the SVF and MRT required for further thermal index calculations (Middel

et al., 2017; Fröhlich et al., 2019). The next level of complexity in the modelling approaches includes incorporating spatial60

dimensions and indirect effects of wind velocity on long-wave radiation, as well as the production of the spatiotemporal

distribution of radiation fluxes. Examples of micro-scale models that rely on the above-mentioned simple techniques include

RayMan (Matzarakis et al., 2007, 2010), its successor, steady-state SkyHelios (Matuschek and Matzarakis, 2011), and the

Solar and long-wave Environmental Irradiance Geometry model (SOLWEIG; Lindberg et al., 2008). Numerous studies have

evaluated these computationally efficient models and used them for radiation fluxes, MRT calculations, and thermal comfort65

studies (e.g., Chen et al., 2016; Fröhlich and Matzarakis, 2018; Kántor et al., 2018; Aminipouri et al., 2019; Fröhlich et al.,

2019; Gál and Kántor, 2020). A more advanced method for assessing urban environments and microclimates is the use of

Computational Fluid Dynamics (CFD) models, which, according to Yang et al. (2023), are widely employed for this purpose.

Depending on the modelling framework, CFD models can simulate a variety of spatial and temporal scales, resolving physical

processes and the city’s topography (e.g., buildings, trees) in great detail (Blocken, 2015, 2018; Toparlar et al., 2017; Kubilay70

et al., 2020). In the CFD space, several models with strong competence and different approaches to assessing radiation transfer

processes have emerged: ENVI-met (Bruse et al., 2023a, b), City-LES (Kusaka et al., 2024), the PALM model system (Maronga

et al., 2020), and uDALES (Suter et al., 2022). Within the CFD models, the treatment and methodology for radiative transfer

processes differ, and to resolve the highly complex radiative exchanges within urban canopies, these microclimate modelling

frameworks implement distinct methodologies: (i) the radiosity method, which is a common methodology used to resolve75

short-wave and long-wave radiative fluxes within the urban canopy layer (Aoyagi and Takahashi, 2012). Physically, this method

treats urban facets as diffuse reflectors, allowing the model to explicitly account for multiple reflections of short-wave and long-

wave radiation between vertical walls, ground pavements, and tree canopies, while resolving localised building shadows. This

technique is utilised within the first version of the PALM’s RTM module (Resler et al., 2017; Maronga et al., 2020) and in City-

LES (Kusaka et al., 2024). Validation of short-wave and global radiation fluxes using similar methods has been documented80

in standard microclimate tools such as ENVI-met (Jänicke et al., 2015; Liu et al., 2018; Piselli et al., 2018; Bruse et al.,

2023a, b); (ii) the view factor method is another approach which computes the view factors between planar surfaces arbitrarily

located to compute radiative exchange (e.g., based on the method in Rao and Sastri (1996)). This method is implemented, e.g.,

in the UDALES micro-scale model; (iii) more complex radiation schemes for short-wave radiation like the one proposed in

Kondo (1994) or Dudhia (1989), and for long-wave radiation scheme as presented in Kondo (1994) or radiative transfer for85

inhomogeneous atmospheres (RRTM; Mlawer et al., 1997).
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The PALM model system offers a variety of techniques for radiation process modelling. The radiation can be prescribed as

constant in the configuration, or a realistic diurnal cycle can be modelled by the internal clear-sky model or by the coupled

rapid radiative transfer model (RRTM; Hogan and Bozzo, 2018). It is also possible to use values from an external model or

measurements supplied in the dynamic driver (initial and boundary condition provider). Interactions of the radiation with the90

surface (ground, buildings) and plant canopy are modelled by the integrated RTM (Krč et al., 2021). Alternatively, the ex-

ternally coupled TenStream model (Jakub and Mayer, 2016) can be used. Starting with the simple one-dimensional radiation

model, which takes into account only vertical radiation exchange (Maronga et al., 2015), then moving to more complicated op-

tions such as the clear-sky model (Maronga et al., 2020), RRTM for general circulation models (RRTMG; Clough et al., 2005)

and RTM (Resler et al., 2017; Krč et al., 2021). The last published version of RTM (3.0) (Krč et al., 2021), based on RTM95

version 1.0 (Resler et al., 2017), explicitly resolves radiative processes in three-dimensional, complex urban environments

at street-scale resolutions of meters. Beyond RTM’s capability for high-fidelity, what distinguishes PALM from other estab-

lished microscale models is the methodological coherence it maintains between radiation physics and the initial and boundary

conditions governing boundary-layer dynamics. Namely, reproducing the spatio-temporal variability of urban boundary-layer

conditions -particularly radiative conditions and associated quantities- with microscale models like City-LES and uDALES, is100

limited by their atmospheric dynamics initialisation procedures. These modelling frameworks are not designed to work with

arbitrarily chosen, temporally evolving, three-dimensional meteorological fields downscaled from meso-scale models; instead,

they rely on observational forcing, commonly supplied through measured vertical profiles. On the other hand, this imperative of

achieving physical consistency and bridging the atmospheric meso-micro scale-gap is satisfied by PALM’s meso-scale nesting

(MESO; Kadasch et al., 2021) model,105

Previous studies, such as Resler et al. (2017, 2021) and Krč et al. (2021), validated the RTM against observations, while

Salim et al. (2022) explored the significance of radiative transfer processes by systematically isolating them in the PALM

model. It is worth noting that the direct evaluation of the radiation model using field measurements has not yet been conducted.

The studies mentioned above indirectly assess radiation processes by examining surface temperatures, which strongly depend

on accurate radiation. Hence, the primary objective of this study is the validation of PALM’s ability to simulate short-wave110

radiation and the investigation of how it modifies both direct and reflected short-wave radiation by comparing four different

locations within the simulation domain. Following the validation, the micro-scale effects of vegetation and buildings on short-

wave radiation in a realistic urban environment are examined. Lastly, uncertainties related to the urban environment or input

data are addressed.

This paper is structured as follows. The PALM model configuration and the radiative transfer model are explained in Section.115

2.1 and Sect. 2.1.2, respectively. Initial and boundary conditions used for simulations are described in Section 2.2, followed

by the domain description (Sect. 2.3), measurement description (Sect. 2.4), simulated episodes (Sect. 2.5), and experiment

workflow in Section 2.7. In section 3, we present the results. Lastly, Sections 4 and 5 present the discussion and conclusion,

respectively.
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2 Methodology120

2.1 PALM model configuration

The micro-scale simulations were performed using the PALM model system (Maronga et al., 2020) in version 25.04 (see Data

availability section). The aforementioned model is a turbulence-resolving LES micro-scale meteorological model developed to

support urban boundary-layer and climate research (Maronga et al., 2015, 2020). By employing the non-hydrostatic, filtered,

Boussinesq-approximated incompressible Navier–Stokes equations together with a suite of specially developed components125

(see e.g., Maronga et al. (2020)), this numerical framework serves as a robust tool for theoretical and practical evaluation of

the urban atmosphere at the street scale. Due to its modular architecture, PALM can be configured for specific applications;

for example, when wind dynamics are not required, as in simulations focused solely on short-wave solar radiation, the model

can be run in spin-up mode. This arrangement greatly reduces computational requirements while still enabling the evaluation

and execution of a larger number of configurations and parameterisations. In this mode, the surface energy balance is solved130

using the Land Surface Model (LSM; Gehrke et al., 2021), Building Surface Model (BSM; Resler et al., 2017; Maronga et al.,

2020), Radiative Transfer Model and Plant Canopy Model (RTM and PCM; Krč et al., 2021), with the static driver, without

the need for LES. Depending on the configuration, the primary radiative forcing is provided either by a model integrated in

PALM (such as RRTMG) or, as in this study, by the prescribed external forcing from the dynamic driver file. The dynamic

driver values are usually obtained either from a meso-scale model such as WRF, or from measured values. As a result, any135

biases in the simulated short-wave radiation will be caused by driver errors, geometry effects (sky view factor), or incorrect

input parameters. The present experimental setup utilises a pre-validated urban simulation domain of Dejvice, Prague (Resler

et al., 2021). Micro-scale simulations were performed using the spin-up methodology, with the LSM, BSM, RTM, and MESO

modules employed in this study. Furthermore, it should be noted that PALM does not explicitly resolve cloud processes;

instead, their radiative impact is represented through externally specified forcing. A comprehensive description of the spin-up140

methodology follows below.

2.1.1 Spin-up simulations

In the context of this study, the term “spin-up” refers to the simplified operational mode of the PALM model system used to

perform the primary micro-scale simulations focused on energy-balance processes, rather than to a separate pre-processing

phase. The spin-up simulations constitute the primary simulations analysed herein. During this mode, the dynamic-related145

processes are fixed, while radiation and energy-balance processes are fully simulated. Simplification of dynamic processes can

influence energy exchange on natural and building surfaces and, consequently, outgoing long-wave radiation, but it does not

affect short-wave radiation, which this study focuses on. Radiation and geometric effects-such as shadings from buildings or

trees, multiple reflections, and view factors-are still included in the simulation.

Surface albedo (reflectance) values are prescribed for each individual surface grid element and remain constant in time; no150

explicit incidence-angle-dependent albedo parameterisation is applied. On the other hand, the total effective albedo (ratio of

reflected to incoming radiation) for larger areas does change in time as a result of changing solar geometry when the 3-D
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radiation with multiple reflections is simulated by RTM. Furthermore, vegetation characteristics (i.e, leaf area density (LAD),

canopy height, and all plant-canopy parameters) defined in the static driver are prescribed and remain constant throughout the

simulations. Similarly, prescribed land-surface parameters, such as root distribution, soil moisture and temperature, and deep-155

soil temperature, are fixed through the model configuration. For a detailed specification of the static driver data included in this

study (i.e., individual land-surface and plant-canopy input parameters), we refer to the validation study by Resler et al. (2021).

The only parameter that may evolve during spin-up is soil moisture when the option calc_soil_moisture_during_spinup is

enabled, allowing the prognostic soil-moisture equation to be solved. In the simulations analysed in this study, this option was

disabled; therefore, soil moisture remained fixed throughout the simulation period. Additional sensitivity experiments with the160

option enabled showed no measurable impact on the simulated short-wave radiation at the vegetated HAN station for episode

e5, indicating that reflected short-wave radiation was insensitive to soil moisture variations during the investigated episode.

The PALM simulation domain utilises a horizontal and vertical grid resolution of 1 m (∆x=∆y =∆z = 1 m) with the

simulation domain extending 800 m in the x-direction, 500 m in the y-direction, and 100 m in the z-direction, utilising a

5 s timestep during the spin-up simulations. Regarding the simulation duration (i.e., the spin-up length), while the selected165

physical episodes cover 24- to 48- hour periods, the simulations for each day were initiated at 23:00 UTC (one hour prior

to the target date) and lasted 23 or 46 hours, depending on the selected physical episode. This one-hour initialisation offset

(starting at 23:00 UTC) was implemented to address technical constraints within the PALM/PALM-meteo framework, with no

loss of critical data, since short-wave radiation is zero at midnight. PALM output data were recorded at a frequency of 600 s (10

minutes). Furthermore, the PALM-modelled irradiance values for the pyranometers were taken at the grid cell nearest to the170

sensors’ actual locations. In the vertical direction, this translates to 1 m above ground, corresponding to the installation height

of the upward- and downward-facing sensors. Consequently, the comparison with observations was performed using modelled

irradiance at the sensor height rather than surface radiative fluxes. The short-wave irradiance of the sensors was modelled

identically to that of actual surfaces in the RTM module of the PALM model, utilising fully 3-D radiative interactions with

multiple reflections and shading by the modelled terrain and buildings, and partial attenuation by the fully resolved vegetation.175

More details about RTM are available in Krč et al. (2021). The identified limitation was the agreement between the modelled

representation and reality, particularly regarding tree crown shapes in the input data (see Section 4.1 and Figure 8, which

compares the photographed reality and the modelled representation).

2.1.2 RTM configuration

The RTM version used in this study is 4.1, which utilises a ray-tracing algorithm for handling fully 3D structures, including180

downward-facing faces, which differs from RTM 3.0, which operates by default on 2.5D geometry. The new localised ray-

tracing parallelisation algorithm for calculating sky view factors, introduced in version 4.0, was employed. To identify all the

rays affecting each grid cell, the angular discretisation algorithm (Krč et al., 2021, section 2.2) is used. The default settings are

4.5 degrees in zenith and azimuthal direction (40 zenith angles and 80 azimuth angles, resulting in a total of 3,200 possible

directions). For experimental purposes, the RTM’s external radiation scheme option was utilised, which uses the meso-scale185

model WRF’s 10-minute outputs for external radiative input data (i.e., short- and long-wave downwelling radiation). Radiation
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in PALM, including RTM, is computed at configured time-steps, which are typically coarser than the main model time-steps;

one minute was the case in the presented simulation. At each radiation time step, the data from the external radiation inputs (10-

minute WRF radiation in the presented case) were interpolated linearly in time, RTM was computed and the modelled values

representing the measurement locations were exported. After the PALM simulation, the exported outputs were aggregated into190

hourly data (see Section 2.6).

2.2 Initial and boundary conditions

For the radiation initial and boundary conditions, the Weather Research and Forecasting (WRF) model (Skamarock et al., 2019)

in versions 4.4 (WRF-CNU setup; denoted interchangeably as CNU) and 4.6.1 (WRF-FU setup, denoted interchangeably as

FU) was employed. WRF is a widely used, state-of-the-art meso-scale numerical weather prediction system designed for both195

atmospheric research and operational forecasting. It comprises two dynamical cores, a data assimilation system, and a software

architecture that supports parallel computation and system extensibility. The model serves a wide range of meteorological

applications across scales, from tens of meters to thousands of kilometres, and, together with field measurements, can serve as

input forcing for micro-scale simulations.

The radiative forcing used in this study is derived from two different WRF model setups: a coarse-resolution non-urban200

setup (WRF-CNU; 3 km horizontal resolution), and a fine-resolution urban setup (WRF-FU; 1 km horizontal resolution).

The specific technical configurations for the WRF grid nesting are fully detailed in Fig. S14 in the supplementary material.

Although WRF output is processed through PALM-meteo to generate a “complete” PALM dynamic driver file, the spin-up

simulations employed in this study utilise only the WRF-derived short-wave and long-wave radiation fields. The remaining

meteorological variables contained in the dynamic driver are not dynamically coupled to the PALM simulations and therefore205

do not contribute to the analysed radiative response. Both WRF simulation setups were initialised using the European Centre

for Medium-Range Weather Forecasts (ECMWF) atmospheric reanalysis, ERA5 data (Hersbach et al., 2020). A comparative

overview of the physics schemes for both WRF configurations is summarised in Table 1. Typically, the main WRF output files

contain data at 1-hour intervals. However, when addressing radiation modelling in the context of changes in solar irradiance

and the likelihood of cloud development and movement, it is preferable to configure WRF to generate auxiliary output files210

containing only radiation-related variables at a finer temporal resolution (e.g., 10 minutes). Furthermore, the WRF files for

the PALM-meteo (the preprocessor of meso-scale meteorology which generates the PALM dynamic driver; see Krč et al.,

2025) need to contain short-wave and long-wave horizontal irradiance (marked in WRF as downward radiation); the diffuse

component of the short-wave horizontal irradiance is optional. If this component is absent, it is skipped during dynamic driver

preprocessing, and the PALM radiation module uses its internal estimate of the direct-to-diffuse ratio. When utilising a high-215

resolution model such as PALM, it is preferable to provide high-quality input data (Radović et al., 2024). Hence, for radiation,

this study uses 10-minute WRF radiation data to drive the PALM model. A schematic representation of the modelling chain

showing the sequential data flow from the meso-scale WRF forcing through the PALM-meteo pre-processor, the dynamic

driver to PALM/RTM, is presented in Appendix B.
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Table 1. WRF parametrisation schemes utilized in the experiment.

Physics Scheme WRF-CNU1 WRF-FU2

Planetary Boundary Layer
MYNN Level 2.5 Bougeault–Lacarrere Scheme

(Nakanishi and Niino, 2009) (BouLac; Bougeault and Lacarrere, 1989)

Urban Physics
0 BEP+BEM

(disabled) (Martilli et al., 2002; Salamanca and Martilli, 2009)

Long-wave radiation RRTMG (Iacono et al., 2008) RRTMG (Iacono et al., 2008)

Short-wave radiation RRTMG (Iacono et al., 2008) RRTMG (Iacono et al., 2008)

Surface layer
Revised MM5 Scheme Revised MM5 Scheme

(Jimenez et al., 2012) (Jimenez et al., 2012)

Land Surface
Unified Noah Land Unified Noah Land

Surface Model (Tewari et al., 2004) Surface Model (Tewari et al., 2004)

Microphysics Thompson (Thompson et al., 2008) Thompson (Thompson et al., 2008)
1 Coarse-resolution non-urban setup–WRF-CNU (3 km horizontal resolution)
2 Fine-resolution urban setup–WRF-FU (1 km horizontal resolution)

2.3 Study area description220

The study area is located in Dejvice, a district of Prague, the capital of the Czech Republic. As presented in Holtanová et al.

(2025), Prague is in a temperate continental climate zone.

The average annual air temperature recorded at the meteorological station Praha-Klementinum (WMO ID 11515, located

in the city centre) was 11.5 °C, according to the WMO’s Climatological Standard Normal for 1991–2020. The mean air

temperature in July, typically the warmest month, was 21.6 °C. The coldest month, with a temperature of 1.8 °C, is typically225

January. Average annual precipitation is 453.9 mm, and mean monthly sunshine hours range from 46.2 (December) to 229.1

(July).

There are four major types of built-up areas in Dejvice (Fig. 1) with the following Local Climate Zone (LCZ; Stewart and

Oke, 2012) classification: 1) historical residential areas in south-east, classified as LCZ 2 Compact midrise, 2) a combination

of old and new buildings with a variety of other urban components (west and north-west), predominantly classified as LCZ 5230

Open midrise, 3) a residential area with green gardens (north-east) that corresponds to LCZ 6 Open lowrise, and 4) lightly

wooded landscape of deciduous trees, with a grass sublayer (LCZ B Scattered trees; more precisely in the case of Hanspaulka

(HAN) observational station (see Fig. 1), the transitional class LCZ BD).

2.4 Measurement campaign and observational dataset

Measurement locations (see Fig. 1) were situated in the north-west of Dejvice, mainly in the Czech Technical University235

campus. There were two calibrated stations, each producing 10-minute averages for two years (2017–2018). At the end of
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Figure 1. The position of the domain in Central Europe (top left) and the Czech Republic (middle left). Red stars indicate measurement

location. The orthophotography on the top right map was provided by the Czech Cadastral Office © via the web map service. The bottom

figures represent the individual station locations (red squares) in 2017 and 2018. The orthophotographs for year-specific locations were

provided by the Prague Institute of Planning and Development (IPR) ©. Note that IPR orthophotographs are from a perspective view.

the year 2017, both stations were moved to a new position (four locations in total; see Table 2) (Jura et al., 2018). The first

location, opened in 2017, was situated on the asphalt surface (FSV) and was primarily influenced by the surrounding buildings.

The effect of the plant canopy, distanced ≈20 m with an approximate crown perimeter of 2 m, was negligible in most cases.

The second position in 2017 was in a public orchard with fruit trees (HAN). The station surroundings were affected during the240

vegetation season by various grass heights (0.2–1.0 m) and available soil moisture. The majority of fruit trees were lower than

4 m and were distanced more than 5 m from the measurement location. The third location, first in 2018, was in a small park

known as Fleming Square (FLE). The station was situated on a homogeneous grass surface and was significantly impacted
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by neighbouring trees. The last location (NTK), second in 2018, was situated on light grey coloured concrete, between the

National Technical Library building and a tree alley (height 8–10 m) on the south-west. An additional note pertains to the245

curved glassy walls of the neighbouring library, which, under specific conditions, can reflect incoming short-wave radiation.

Table 2. Characteristics of the four measurement locations in Prague-Dejvice used in this study. The table lists the station coordinates, year

of installation, surface albedo, and the sky view factor (Sky VF), obstacle view factor (Obstacle VF), and tree view factor (Tree VF) derived

from the three-dimensional urban geometry in the PALM model.

Name Coordinates (latitude, longitude) Year Surface albedo Sky VF Obstacle VF Tree Vf

FLE 50.1049783 N, 14.3917394 E 2017 0.173 63.52 % 0.96 % 35.52 %

NTK 50.1034739 N, 14.3905364 E 2017 0.247 69.39 % 29.60 % 1.01 %

FSV 50.1039264 N, 14.3892972 E 2018 0.120 88.10 % 10.56 % 1.34 %

HAN 50.1052408 N, 14.3825917 E 2018 0.170 92.47 % 0.89 % 6.63 %

Each measurement station was equipped with several sensors: two RVT 11 for air temperature and relative humidity (at

heights of 0.3 and 2.0 m), three Pt100 for soil temperature (at various depths), a “Tlust’ák W2” anemometer for wind speed and

direction, and two Kipp&Zonen CMP3 pyranometers with the spectral range from 300 to 2,800 nm for incoming and reflected

solar radiation. The pyranometer’s interval covers most of the short-wave radiation spectrum, although not the entire spectrum;250

in the following text, its results as a short-wave radiation measurement will be considered. Details about sensors are available

in Table 3 or Jura et al. (2018).

In addition to the dedicated observation stations described above, meteorological observations-particularly short-wave ra-

diation measurements-from the Czech Hydrometeorological Institute (CHMI) stations Praha-Libuš (WMO ID 11520) and

Praha-Karlov (WMO ID 11519) were also employed. The Praha-Libuš station (50.0077° N, 14.4467° E; 302 m a.s.l.), located255

in the southern part of Prague, is the reference aerological and meteorological observatory. Owing to its long-term operational

record and high-quality measurements, it serves as one of the principal reference stations for meteorological measurements

in the Prague region. The Praha-Karlov station (50.0691° N, 14.4276° E; 261 m a.s.l.) is situated closer to the central urban

area of Prague and represents conditions typical of a more densely urbanised environment. In this study, both stations provide

independent short-wave radiation observations used to evaluate the radiative conditions associated with the analysed episodes.260

While these stations could, in principle, provide observational radiation forcing data for the PALM model, in the present study,

they were used exclusively as out-of-domain reference evaluation stations, rather than as direct model forcing.
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Table 3. Sensors on the measuring stations and their technical parameters. Surface albedo values were calculated using measurements in Jura

et al. (2018).

Sensor Variables Range Typical accuracy Resolution

Kipp&Zonen CMP31
global radiation (income) 0–2,000 Wm−2 ± 5 % 24 to 32 µVW−1m2

global radiation (reflected) 0–2,000 Wm−2 ± 5 % 24 to 32 µVW−1m2

RVT 112
air temperature −30 to 50 °C ±0.3 °C 0.001 °C

relative humidity 0–100 % ±1.8 % 0.1 %

Tlust’ák W23
wind direction 0–360 ° 10 ° 1 °

wind speed 0,7–30 ms−1 ± 4 % 0.1 ms−1

Pt100
4 soil temperature −50 to 120 °C ±0.23 °C for max 40 °C 0 °C

1 OTT HydroMet B.V., Netherlands; 2 SENSIRION AG, Switzerland; 3 Tlust’ák TM, Czech Republic; 4 SENSIRION AG, Switzerland.

2.5 Simulation episodes and meteorological conditions

Atmospheric conditions with no cloud cover, or the so-called “clear-sky” days, characterised by a smooth, parabolic-shaped

curve, are an ideal testbed for evaluating radiation physics in micro-scale models like PALM, thanks to a high confidence in the265

incoming solar radiation. Nevertheless, high-solar-irradiance weather conditions with a completely cloud-free sky are relatively

rare; more realistic conditions involve heterogeneous variations of thin cirrus, scattered cumulus, or cloud fragments. To cover

a series of typical summer heat wave periods and the corresponding atmospheric radiation regimes, a total of 16 episodes

with various types of synoptic and cloud cover conditions during the summers of 2017 and 2018 were selected for model

evaluation. Since the chosen episodes differ in cloud cover, they are categorised into two groups: predominantly cloud-free270

episodes, referred to as “clear-sky” (i.e., clear-sky proxies), and episodes with pronounced cloudiness, referred to as “non-

clear-sky” episodes. The selection of “clear-sky” episodes was based on a qualitative inspection of the observed incoming

short-wave radiation to identify periods exhibiting a continuous, smooth, “bell-shaped” diurnal curve. To formalise this for

future protocols, we define such episodes as days during which the measured short-wave radiation does not deviate from the

theoretical clear-sky envelope, indicating the absence of transient cloud shading. For “non-clear-sky” episodes, we selected275

days during which the observed short-wave radiation showed high-frequency fluctuations relative to the potential clear-sky

maximum. Simulation episodes cover a range of large-scale weather systems and fronts crossing Prague (e.g., cyclonic and

anticyclonic), providing a realistic set of meteorological conditions (see Table S1). In addition, the maximum solar elevation

was calculated for each of the simulation episodes, ranging from 44.41◦ during the autumn to 63.37◦ at the summer peak.

Six of the 16 episodes (e1–e6) serve as a sample for the direct WRF setup-to-setup intercomparison (i.e., CNU vs. FU). To280

further validate the WRF-FU’s setup generalisability and transferability and to deliver a more robust statistical evaluation, the

analysis was extended to 10 additional episodes (e7–e16) simulated using the WRF-FU setup only. Comprehensive details on

the simulation episodes, maximum solar elevation, cloud conditions, and associated WRF driving configurations are provided

in Table 4.
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Table 4. Overview of simulation episodes, maximum solar elevation, cloud conditions, and WRF configurations used in the study. The six

common episodes (e1–e6) used for direct comparison were simulated with both the Coarse No Urban (WRF-CNU) and Fine Urban (WRF-

FU) configurations, while the additional episodes (e7–e16) were simulated only with the FU configuration.

Episode Date Maximum solar elevation Cloud conditions Category

Common episodes

e1 19–20/06/2017 63.35◦ and 63.37◦ clear-sky Common

e2 19/07/2017 60.93◦ clear-sky Common

e3 07/08/2017 56.57◦ clear-sky Common

e4 30/06/2018 63.16◦ clear-sky Common

e5 02–03/07/2018 63.04◦ and 62.96◦ clear-sky Common

e6 11–12/09/2018 44.79◦ and 44.41◦ clear-sky Common

Additional episodes

e7 09/06/2017 62.80◦ clear-sky FU-only

e8 11/06/2017 62.96◦ clear-sky FU-only

e9 07/07/2017 62.61◦ non-clear-sky FU-only

e10 16/06/2018 63.26◦ non-clear-sky FU-only

e11 07/07/2018 62.61◦ clear-sky FU-only

e12 21/07/2018 60.56◦ non-clear-sky FU-only

e13 24/07/2018 59.97◦ clear-sky FU-only

e14 01/08/2018 58.15◦ clear-sky FU-only

e15 17/08/2018 53.60◦ clear-sky FU-only

e16 20/08/2018 52.63◦ clear-sky FU-only

2.6 PALM output and observation data processing285

The subsequent evaluation is designed to quantify the influence of WRF mesoscale driving data on PALM-simulated incoming

and outgoing short-wave radiation and to identify the conditions under which PALM accurately reproduces observed radiative

processes or exhibits systematic biases. To achieve this, PALM outputs from two WRF configurations (CNU and FU) were

compared with observations using complementary statistical and radiative-process-oriented analyses.

PALM output data are produced every 60 s relative to the simulation start. For each simulation episode, incoming and out-290

going short-wave radiation fluxes (SWin and SWout) are extracted at the locations of the observation stations and averaged

into hourly mean values. Similarly, measurements (recorded at 10 min intervals) were aggregated into hourly means. The ob-

tained datasets for both variables are further distinguished by WRF driver (CNU and FU) and station. All subsequent analyses

(statistical metrics, summary mean bias and root mean square error heatmaps, and scatter plots) are derived from these mod-

el/observation hourly data. The evaluation was designed to address several aspects of micro-scale model performance. First,295
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the overall impact of the WRF driving configurations on the PALM-simulated short-wave radiation was assessed. Second,

the ability of PALM to reproduce the magnitude and temporal variability of observed radiative fluxes was evaluated. Third,

the PALM’s capability to resolve local radiative processes associated with urban morphology and vegetation was examined.

Finally, the robustness of PALM under non-clear-sky atmospheric conditions was investigated.

Firstly, the overall model performance was evaluated using absolute and relative differences between modelled and observed300

values. Absolute differences provide a direct measure of the magnitude of model errors. Relative differences are expressed as

percentages relative to the observed values and are used to assess the magnitude of model deviations independent of absolute

radiation intensity. These metrics were calculated for each station, radiation variable, simulation episode, and WRF driving

configuration, and presented to facilitate comparisons between stations, sky conditions, and driving-data setups.

To further quantify model performance, we employ a multi-level evaluation procedure. First, we calculate overall and305

station-specific Mean Bias Error (MBE) and Root Mean Square Error (RMSE) using twofold averaging: first, per episode

(single episode–station–variable–WRF driver value), and then averaging across all episodes. These are visualised as summary

heatmaps. Second, point-by-point comparisons between modelled and observed values are presented in scatter plots, where

each point represents an hourly value at a specific station and WRF driver. Performance is further assessed using statistical

metrics including Pearson’s correlation coefficient (r), coefficient of determination (R2), Spearman’s ρ, Kendall’s τ , and Will-310

mott’s index of agreement (d). Results are stratified by WRF driver (CNU vs FU), sky conditions (clear-sky vs non-clear-sky

episodes), and station type (urban vs vegetated).

In addition to bulk statistical evaluation, we quantitatively analyse diurnal cycles of SWin and SWout. This approach allows

the assessment of the model’s ability to capture key radiative processes such as shading patterns induced by urban morphology,

the influence of surface characteristics (e.g., vegetation), and performance under complex cloudy conditions. Specific episodes315

are selected to highlight these aspects: clear-sky cases for shading and surface representation issues, and non-clear-sky episodes

for cloud–radiation interaction.

3 Results

The outcome of our simulations emphasises the link between meso-scale driving data and PALM micro-scale radiation process

modelling. As shown in Radović et al. (2024), PALM performance largely depends on the quality of the forcing fields, whose320

features (e.g., general structure and biases) propagate into the micro-scale simulation, further affecting modelled variables.

In order to describe the particular impact of forcing fields on short-wave radiative fluxes, PALM’s response to the two dis-

tinct WRF model setups is quantified. The general pattern between PALM and the corresponding observed radiation-related

variables is identified (Fig. 3 and Fig. 4). To target differences and patterns between modelled and observed values, the data

are clustered by WRF driver, cloud conditions, variables, and stations. The data are further processed, and the direction and325

magnitude of errors are quantified (Fig. 2).
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3.1 An overall view of the simulations

The influence of sky conditions and the configuration of driving data on PALM simulations is reflected in both absolute

and relative metrics defined in Supplement Section 1 (see the differences in Tab. 5). Under non-clear-sky episodes (see, e.g.,

column Non-clear (FU) in Tab. 5), and for all stations considered, SWin exhibits consistently large errors, with average absolute330

differences above 80 Wm−2 and average relative differences exceeding 100 %. The strongest degradation occurs at the NTK

station, with a relative difference of 276.6 %, and at the FLE station, with an increase of over 100 %. These are station-specific

anomalies that are not observed at the other two locations. The modelling of SWout is only slightly affected, as the increase

in discrepancies is not substantial, except at the NTK station. On the other hand, PALM’s fidelity improves for the clear-sky

scenario simulated with the FU configuration, with both examined variables exhibiting comparatively small biases. However,335

the HAN station exhibits large relative and absolute differences, a pattern that holds across all sky conditions and driving data

configurations. A more detailed analysis of the HAN station is presented in Section 3.2.2. The metrics quantifying the impact

of the WRF configurations on SWin indicate that the FU outperforms the CNU, as the overall absolute difference decreases

from 67.9 Wm−2 (CNU) to 39.8 Wm−2 (FU; corresponding to a reduction of roughly 40 %). Compared with SWin, WRF-FU

improves SWout only at urban stations (FSV and NTK), whereas biases persist at vegetated sites (HAN and FLE), resulting in340

similar overall relative and absolute differences.

Table 5. Absolute and relative differences (%) for PALM-simulated incoming (SWin) and outgoing (SWout) short-wave radiation, evaluated

across four measurement stations (FSV, NTK, HAN, and FLE). The results are categorised by sky conditions (Clear vs. Non-clear) and by

WRF driving configurations (FU and CNU; see Table 4).

Station Variable Non-clear (FU) Clear (FU) Common (CNU) Common (FU)

FSV
SWin 74.0 (19.3 %) 37.8 (−2.5 %) 78.2 (1.6 %) 43.4 (1.3 %)

SWout 10.7 (4.3 %) 10.6 (−10.4 %) 15.6 (−16.8 %) 11.6 (−11.7 %)

NTK
SWin 163.8 (276.6 %) 38.0 (17.0 %) 81.2 (1.2 %) 33.5 (10.2 %)

SWout 37.7 (163.3 %) 14.3 (−2.1 %) 28.2 (−15.7 %) 16.2 (−7.6 %)

HAN
SWin 59.2 (24.0 %) 31.5 (9.0 %) 53.2 (−4.7 %) 31.9 (5.1 %)

SWout 53.6 (−38.6 %) 56.8 (−52.9 %) 56.8 (−52.6 %) 56.5 (−52.9 %)

FLE
SWin 96.0 (110.6 %) 56.7 (−1.3 %) 58.9 (9.7 %) 50.3 (−2.2 %)

SWout 15.0 (1.9 %) 12.2 (−3.6 %) 11.7 (−3.1 %) 11.6 (−4.1 %)

Overall
SWin 87.7 (107.6 %) 39.5 (5.0 %) 67.9 (2.0 %) 39.8 (3.6 %)

SWout 30.2 (32.7 %) 25.8 (−20.5 %) 28.1 (−22.3 %) 24.0 (−19.1 %)

Given the performance metrics indicated by the Person’s correlation coefficient r, Spearman’s ρ, and Willmott’s index of

agreement d, the timing and magnitude of the modelled and observed values for SWin show a satisfactory agreement for both

of the driving data configurations considered (r ≈ 0.985, ρ≈ 0.984, d ≥ 0.980; see Tab. 6; metrics are defined in Supplement

Section 1). An evaluation of all indicators, however, suggests that the FU configuration performs somewhat better than the345
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CNU setup, particularly at urban stations (i.e., FSV and NTK). Outgoing short-wave radiation (SWout) shows a greater spread

in performance metrics than SWin. There is a pronounced systematic bias in SWout at the HAN site, as indicated by low

correlation and agreement metrics, and the strongly negative coefficient of determination (R2 ≈−1.4). This bias is consistent

across the full analysis and in every tested configuration, indicating that the dominant source of error lies in the surface

representation at HAN rather than in the driving data forcings alone. When examining PALM’s performance under different350

sky conditions (see Tab. 6; FU Clear-Sky and FU Non-Clear-Sky), the contrast is clear and expected: the model reproduces

SWin with high accuracy during clear-sky periods. This level of accuracy is not achieved in episodes with cloud cover, where

performance metrics degrade noticeably for both variables. PALM’s overall performance shows that SWin is represented with

high fidelity under clear-sky conditions when using the updated FU-driving data. Although PALM’s simulation of SWout is

not poor, a clear deterioration in the evaluation metrics is evident, particularly at vegetated sites. Under conditions other than355

clear skies, PALM struggles to model radiation, and its performance remains inconsistent.
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Fig. 2 illustrates PALM performance and accuracy through the MBE and RMSE error distributions for both incoming

and reflected short-wave radiation across four stations. The arrangement in Fig. 2 is to isolate the impact of driving data

configurations and sky conditions on the model’s performance. In the CNU-driven setup, the incoming short-wave radiation

(SWin-CNU) is underestimated across all evaluated stations. The negative biases span from −13 Wm−2 to −46 Wm−2, most360

pronounced at the FSV and NTK stations (Fig. 2a). Conversely, for SWin-FU, the MBE values are significantly reduced,

approaching 0, and at the HAN and FLE stations, they become slightly positive. For outgoing short-wave radiation, both

SWout-CNU and SWout-FU exhibit negative biases, which are reduced when using the FU configuration. The only exception

is the HAN station, where both setups show a strong negative bias greater than −30 Wm−2. This bias pattern is further

supported by the RMSE values (Fig. 2d), which decrease for the FU configuration for both incoming and outgoing short-wave365

radiation, although the reduction is less pronounced for the outgoing component.

SWin-FU biases (Fig. 2b) display a site-specific performance pattern comparable to that in Fig. 2a, with negative biases at

urban stations (FSV and NTK) and positive biases at vegetated stations (HAN and FLE). SWout MBEs are generally small,

except for the pronounced negative bias at the HAN station (≈−60 Wm−2), which remains evident and aligns with earlier

analyses. The RMSE values are generally moderate; however, for SWout at the HAN station, they are notably higher than370

at the other stations. Finally, under non-clear-sky conditions, the model performance degrades notably, as indicated by large

MBE and RMSE values, particularly for SWin (Fig. 2c,d). In the case of SWin, MBEs indicate model overestimation, with the

highest value exceeding 120 Wm−2 at the NTK station. SWout biases are negative, except for the NTK station, which has a

positive bias.

To separate the effect of the driving model setup on the PALM-simulated short-wave radiation, we perform a direct, point-by-375

point comparison, as shown in Figure 3 and Figure 4. Firstly, in the CNU-driven PALM simulations, SWin is consistently and

systematically underestimated for irradiance values exceeding 600 Wm−2 (see Fig. 3a). This deviation is evident in the rela-

tively large MBE and RMSE values of −32.05Wm−2 and 62.21Wm−2, respectively. The consistent underestimation suggests

that the deficiencies likely stem from the WRF-CNU driving setup and cannot be fully mitigated by PALM’s high-resolution

local radiative transfer calculations. In contrast, a clear improvement is observed for the WRF-FU-driven PALM simulations, in380

which the MBE is reduced by roughly one order of magnitude and the RMSE decreases by about 30 % compared to the CNU-

driven PALM simulations (see Fig. 3b). However, the FU-based outputs at radiation levels below 300 Wm−2 show a slight

spread around the 1:1 line. A noticeable deterioration in PALM’s performance (also for the FU-based outputs) is evident for

outgoing short-wave radiation, as illustrated in Figure 4. An initial assessment common to both configurations is a systematic

underestimation of outgoing short-wave radiation, which is somewhat more pronounced when using the CNU driver. This un-385

derestimation results in a negative bias of −16.15Wm−2 for CNU and −12.61Wm−2 for the FU configuration, corresponding

to an approximate reduction of 22 % in favour of the FU setup. As indicated by the RMSE values, PALM’s predictions remain

moderately accurate, though slightly improved in the FU configuration. Furthermore, the evaluated stations exhibit more vari-

ability for outgoing radiation. For instance, FLE (blue) and NTK (purple) align relatively well with the observations (Fig. 4b),

whereas the HAN (green) station exhibits significant deviations and has the poorest correspondence (Fig. 4a,b). Although the390

results show that the FU driver reduces bias relative to the CNU, discrepancies with observations remain relatively high. It
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implies that the model’s inadequate representation of surfaces near problematic sites (i.e., HAN) influences reflected radiation

and is the primary cause of these biases.

Figure 2. Summary Mean Bias Errors (MBE; a–c) and Root Mean Square Errors (RMSE; d–f) of short-wave incoming (SWin) and short-

wave outgoing (SWout) radiation across 4 observational stations (FSV, NTK, HAN, and FLE) and different WRF driving data setups. Each

cell contains the error averaged over the corresponding episode selection for a specific variable, observational station, and WRF model

driving setup. Panels (a) and (d) correspond to the common simulated episodes driven by both CNU and FU WRF model setups, panels (b)

and (e) refer to the clear-sky FU WRF model setup, while non-clear-sky episodes with the FU WRF model setup are depicted on panels (c)

and (f). The colour bars represent the magnitude of the MBE and RMSE values in Wm−2.
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Figure 3. Scatter plots of incoming short-wave radiation for all common simulated episodes (e1–e6) and all measuring stations for the Coarse

No Urban (CNU; a) and Fine Urban (FU; b) WRF-driving setup. Colours represent individual stations (FSV–red, HAN–green, FLE–blue,

and NTK–purple) while marker shapes represent months of the simulated episodes (star–June, circle–July, triangle–August, and square–

September). The summary Mean Bias Error (MBE) and Root Mean Square Error (RMSE) depict PALM’s performance compared with

observations.

Figure 4. Scatter plots of outgoing short-wave radiation for all common simulated episodes (e1–e6) and all measuring stations for the Coarse

No Urban (CNU; a) and Fine Urban (FU; b) WRF-driving setup. Colours represent individual stations (FSV–red, HAN–green, FLE–blue,

and NTK–purple) while marker shapes represent months of the simulated episodes (star–June, circle–July, triangle–August, and square–

September). The summary Mean Bias Error (MBE) and Root Mean Square Error (RMSE) depict PALM’s performance compared with

observations.
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3.2 Daily cycles of incoming and outgoing short-wave radiation

Addressing the main model outputs through diurnal cycles of incoming and outgoing short-wave radiation components is a395

well-established benchmark for testing the overall fidelity of micro-scale models. The significance of urban meteorology stud-

ies, in particular, is underscored by the ability to capture the relationship between the moving Sun and surrounding physical

objects, radiation intensity, surface albedos, and the integration of dynamic driver data. Although significant, statistical sum-

maries cannot fully capture the specifics of the model’s radiative process treatment (e.g., resolving morning and afternoon

shading patterns, midday radiation intensity offsets or magnitude discrepancies, location-specific sensitivities, surface-type400

biases). Hence, the following subsections are organised into three complementary evaluations that demonstrate the model’s fi-

delity (Section 3.2.1), reveal instances where the performance degradation is most clearly evident (Sections 3.2.2), and validate

the model’s predictive skills under more complex radiative regimes (Section 3.2.3).

3.2.1 PALM’s fidelity in reproducing diurnal shading patterns

The ability to resolve three-dimensional radiative interactions, including shading patterns within a local urban environment, is405

a key distinguishing feature of high-resolution models such as PALM, compared with coarser, less extensive meteorological

models (e.g., meso-scale or diagnostic models). The direct effect of heterogeneous urban morphology (i.e., building, street

canyon, and vegetation patterns) on incoming short-wave radiation is most apparent for small solar elevation angles during

sunrise and sunset. As seen from the Fig. 5, the driving model’s deficiencies are evident in its inability to accurately capture the

shading effects imposed on incoming solar radiation during early morning and late afternoon, whereas PALM reproduces the410

observed SWin profile shape with high accuracy. One notable improvement occurs during maximum solar irradiance, when the

FU-driven simulation fully reproduces the SWin amplitude. In contrast, the CNU-driven setup systematically underestimates

the observed solar-noon peak. This enhancement is evident at the urban NTK station, where the FU-WRF simulation shows a

deficit of about 80–100 Wm−2, while the CNU-WRF simulation shows an even greater deficit relative to the observed values.

The SWout is simulated reasonably well by both drivers, with a similar diurnal pattern of underestimating the reflected radiation415

throughout the day. Although the FU-driven SWout increases minimally throughout the day, it remains consistently higher than

the CNU-driven simulation and matches more closely the observed values.
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Figure 5. The comparison of observed hourly averages of incoming (In) and outgoing (Out) short-wave radiation for the e6 episode at the

stations FLE (a) and NTK (b), with PALM model outputs for both WRF configurations. Additional lines represent the raw WRF outputs,

Coarse No Urban (WRF-CNU), and Fine Urban (WRF-FU), and measurements from professional meteorological stations in Karlov and

Libuš.

3.2.2 Vegetation effects and midday underestimation

Vegetation modulates both the incoming and outgoing short-wave radiation through processes such as absorption, reflection,

and scattering. This effect is clearly captured during episode e5. As shown in Fig. 6a, the incorrectly parameterised grass cover420

in the PALM’s static driver at the HAN station translated directly to the SWout data output by the micro-scale simulation for

both WRF driving configurations. The influence of site-specific variability on SWout modelling is evident in the contrasting

behaviour of PALM-simulated SWout at the urban FSV station, where both PALM setups reproduced in situ measurements,

although the CNU-driven configuration performed slightly worse than the FU. During midday, the magnitude of the PALM-

modelled reflected radiation drops below 100 Wm−2, which is inconsistent with observations that show values between 180425

and 200 Wm−2. These qualitatively identified discrepancies in the SWout are evident in other analyses, where the HAN station

shows the worst quantitative performance, as indicated by high MBE and RMSE values along with other supporting statistical

indicators (see e.g., Figs. 2 and 4, or Tabs. 5 and 6). Another discrepancy of PALM is the midday underestimation of SWin

observed at the urban FSV station. Across both WRF forcing configurations, PALM underestimates the incoming short-wave

radiation, although this offset is moderately attenuated by PALM-FU downscaling.430

21



Figure 6. The comparison of observed hourly averages of incoming (In) and outgoing (Out) short-wave radiation for the e5 episode at the

stations HAN (a) and FSV (b), with PALM model outputs for both WRF configurations. Additional lines represent the raw WRF outputs,

Coarse No Urban (WRF-CNU), and Fine Urban (WRF-FU), and measurements from professional meteorological stations in Karlov and

Libuš.

3.2.3 PALM’s performance during non-clear sky conditions

As a physical factor, clouds are complex regulators of short-wave radiation flux, affecting both its magnitude and timing.

Hence, the shape of the incoming short-wave radiation function during periods of variable cloud cover deviates from its

clear-sky counterpart, which is roughly symmetrical with its maximum around solar noon. Caused by physical and numerical

factors, the resolution and modelling of short-wave radiation under non-clear-sky conditions pose a challenge for all types of435

meteorological models, regardless of spatial resolution. In this section, we evaluate PALM’s robustness in capturing radiation

during non-idealised (i.e, non-clear-sky) cases through three selected episodes (e9, e10, and e12) characterised by cloudy or

partly cloudy conditions (see Fig. 7). In the first analysed episode, e9, the advantages of PALM’s downscaling are most evident

at the vegetated FLE station (see Fig. 7a). Up to around midday, PALM diverges from its driving data and adjusts the SWin

profile toward the observed values. However, after noon, PALM no longer matches the observations and aligns more closely440

with its driving data. The SWout shows a more uniform pattern, with PALM aligning well with the observed outgoing radiation

in the morning hours, underestimating it around noon, and slightly overestimating it in the afternoon. For the same episode

and the urban NTK station, both SWin and SWout discrepancies are large. PALM does not align with the observed values

and follows its driving data entirely. These deviations at the NTK station are clearly seen through the quantitative evaluations

presented in Table 5 and Table 6, as well as in the MBE and RMSE errors in Fig. 2. For episodes e10 and e11 at the FSV445

station, during the early morning hours (i.e., 3–6 am), PALM corrects its driving data and aligns the SWin profile with the

observations. However, during midday in episode e10 and in the afternoon of episode e12, where the effect of the clouds is

pronounced the most (Fig. 7b,c,e,f), PALM’s downscaling cannot mitigate the incorrect information in the WRF data, which

does not capture the clouds present at the Karlov and Libuš reference stations and at the observation sites. The identified
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underestimation of SWout at the HAN station also persists during the non-clear-sky conditions, as seen in Fig. 7b,c. Both CNU450

and FU configurations exhibit bell-shaped SWin evolution, but the FU shows significantly higher values during the noon peak,

while the CNU remains well below the observed values.

Figure 7. The comparison of observed hourly averages of incoming (In) and outgoing (Out) short-wave radiation during the non-clear sky

episodes e9 (a.d), e10 (b,e), and e12 (c,f) at the selected station combinations, with PALM model outputs for both WRF configurations.

Additional lines represent the raw WRF outputs, Coarse No Urban (WRF-CNU), and Fine Urban (WRF-FU), and measurements from

professional meteorological stations in Karlov and Libuš.

4 Discussion

4.1 General model performance in simulating short-wave radiation

– Shadow patterns of urban morphology in modelling incoming short-wave radiation.455

One of the key assets of PALM, identified in the study, is its ability to realistically simulate the magnitude of incoming

short-wave radiation at morning and afternoon times as observed from street-level stations. Buildings, trees, and other

obstacles cast the longest and broadest shadows during the hours when the Sun is near the horizon (i.e., early morning

and late afternoon). Correctly reproducing the impact of urban obstructions (i.e., shadow patterns) on the detected SWin

amount at the urban station requires explicitly integrating information on building and tree size, height, orientation, and460

spacing into the micro-scale model. At this point, the robustness of the RTM and PALM becomes evident: they can

explicitly resolve sunlit and shaded surfaces and energy redistribution based on the calculated local sky view factors

and shading geometry. Beyond their ability to resolve shading patterns, a further key aspect addressed by the micro-
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scale model is the correct translation of this information into short-wave flux magnitudes at the 1 m scale. Moreover,

the visible delay and attenuated magnitude of the PALM-simulated SWin are corrected relative to the WRF driving465

data, which most likely results from the WRF assuming unobstructed surfaces and therefore further overestimates SWin

during these hours.

However, certain disagreements between the micro-scale outputs and the observation data, resulting from incorrect urban

canopy representation in the micro-scale model, are also identified (see Fig. 8 FLE station around 15:00 UTC, for

example, PALM’s tree height is shorter than the real one, and SWin is not attenuated enough, and Fig. S12 NTK around470

04:00 UTC, where the tree is not represented accurately in PALM as well). As said, incident short-wave radiation is

highly sensitive to the placement and dimensions of urban obstacles, so even small inaccuracies in the PALM static

driver data can produce excess attenuation or an increase in the incoming radiation in the PALM’s outputs.

Figure 8. Hemispherical view at the FLE observation site with obstructions and vegetation as modelled by PALM, plotted in azimuth–zenith

coordinates. Trees and obstacles are classified according to their fractional area coverage. Red crosses indicate the Sun’s trajectory throughout

the day, with annotated timestamps in UTC.

– PALM’s simulation of outgoing short-wave radiation.

While the PALM model can simulate incoming short-wave radiation with a high degree of reliability at the 1 m scale,475

the outgoing short-wave radiation outputs indicate that modelling this variable poses a greater challenge for PALM and

requires a more precise description of urban surface properties. The incoming short-wave radiation modelling is generally

less challenging, as it is primarily governed by atmospheric transmissivity (e.g., cloud and aerosol presence) and the

Sun’s position in the sky. In contrast, outgoing short-wave radiation is heavily influenced by the three-dimensional urban

form, surface albedo, complex multiple reflections within urban canyons, and the structure of the vegetation canopy.480

The general settings of surface albedo for vegetation in the static driver proved to be a significant source of bias in

PALM’s modelling of reflected radiation. A good illustration supporting this statement is the HAN station, whose sur-
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roundings are rich in vegetation and covered by grassland. As seen from the daily SWout profiles in Fig. 6, there is a

significant reduction in the PALM modelled SWout during the midday hours. Such a drop in the SWout indicates low

reflection at this location, and consequently strong absorption, implying that PALM represents this area with low-to-485

moderate albedo values (indeed, the prescribed albedo for HAN in PALM is 0.17). It appears that the PALM is unable to

capture variability in grassy surfaces; the only option is a manual setup for individual episodes. In reality, the grass mov-

ing at this location was not, most likely, periodic, as the measured SWout signal indicates more reflection and weaker

absorption. The reflection could also be affected by available soil moisture, which varies daily and seasonally and is

typically not accurately captured by WRF. The negative bias at the HAN station could not be mitigated, even with the490

improved WRF-FU setup, since the underestimation of the SWout at HAN stayed significant (e.g., see Fig. 4). To further

investigate the discrepancy in reflected short-wave radiation at the HAN station, one additional analysis was performed.

Observed, and PALM modelled albedo at the FSV (“well-behaving”) station and the problematic HAN station were

compared for episode e5 (see Fig. S17). Albedo was calculated as the ratio between reflected and incoming short-wave

radiation, and only periods with SWin > 10Wm−2 were considered. The observations indicate differences between the495

two observation stations. The HAN station exhibits substantially higher albedo than FSV throughout most of the daytime

period. On the other hand, the PALM model reproduces the magnitude and temporal evolution of albedo at FSV reason-

ably well, while it underestimates albedo at the HAN station. The systematic low bias at HAN may indicate deficiencies

in the representation of surface properties and land-cover characteristics that control surface albedo during the episode.

A notable tendency of the PALM model is a systematic underestimation of SWout, suggesting an excessive sink of500

short-wave radiation (i.e., pronounced negative MBE values, see Fig. 2a–c). These negative biases are attributable to

the inaccurately represented vegetation, prescribed albedo, and geometric factors, rather than to biases in the meso-scale

driving data or in the WRF model setup. This behaviour does not inherently imply poor performance of the micro-scale

model; instead, it reflects the challenge of accurately simulating outgoing short-wave radiation in highly heterogeneous,

densely built urban environments. Although the SWout magnitude is generally underestimated, PALM simulates its505

temporal evolution and variability very well, as evidenced by strong overall correlations (see Tab. 6). Furthermore,

the scale of the MBE at the FSV, NTK, and FLE stations is generally smaller (despite the remaining underestimation),

directly demonstrating PALM’s capability to accurately assess reflections from complex urban geometry, canyon shading

effects, and to provide sufficiently precise albedo values and urban surface properties.

– Underprediction of the incident short-wave radiation at solar noon: The systematic SWin underestimation at the510

evaluated stations around solar noon during the clear-sky episodes (mainly in the WRF-CNU setup) results from a

“chain reaction” originating from the WRF’s driving data supplied to PALM. PALM’s modelling independence during

this period is clearly limited, as it either amplifies or maintains the same level of bias in its outputs without imposing

significant corrections, and it does not reach the peak intensity measured at the observation site. In principle, during clear-

sky conditions at solar noon, the systematic underestimation of SWin is unlikely to be solely attributable to shadings515

induced by urban structures. At this time of day, the Sun’s zenith angle is low, and the incoming short-wave radiation
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travels nearly vertically. It minimises any geometry-induced shading or surface-based effects, suggesting that the SWin

underestimation is most likely driven by other factors (e.g., the SWin definition before reaching the canopy height and

the observation point within the micro-scale model domain).

The distinction between both WRF configurations’ solar-noon performance reinforces the above argument; the WRF-520

FU configuration significantly reduces the solar-noon discrepancies that are clearly observed in the WRF-CNU runs (see

e.g., Supplement Fig. S2). This suggests that the short-wave radiation inherited from the WRF-CNU driving data is the

primary source of PALM’s systematic noon bias. The PALM internal factors (e.g., RTM, USM, PCM, static driver data)

play only a secondary role or may have no effect. Within the WRF model framework, several factors can lead to excessive

underestimation. First, inaccuracies in WRF’s driving data (i.e., ERA5) may introduce an overestimated amount of525

aerosols or water vapour concentrations in WRF simulations and bias its radiative calculations. Second, WRF’s radiation

scheme can itself overestimate the absorption and scattering by aerosols, water vapour or other atmospheric constituents

within the WRF domain, and consequently overestimate the absorption and scattering of the actual amount of short-wave

radiation. Alternatively, physical parameterisation in WRF’s PBL schemes could lead to weak vertical mixing and trap

moisture in the lower layers, further attenuating the magnitude of short-wave radiation. The PALM model inherits the530

bias and starts its simulations with reduced top-of-domain downwelling short-wave radiation. Since the SWin PALM’s

output magnitude is reduced relative to observations (and, in certain cases, even lower than its WRF driving data), the

loss of the SWin magnitude between the top of PALM’s domain and the sensor grid point could be caused by incorrectly

modelled surface-sky radiative interactions. Potential error could lie in incorrect redistribution or underestimation of

diffuse short-wave radiation within PALM’s surface, canopy, and geometry-related routines. However, although PALM’s535

internal modules can affect SWin underestimation, their influence is secondary to that of WRF.

4.2 Driving data impact: WRF-CNU vs. WRF-FU configuration performance

A primary outcome of the driving-data impact evaluation on micro-scale simulations is the added value of the FU and the

lower accuracy of the CNU configuration for PALM micro-scale simulations. Although both setups reproduced temporal SWin

evolution well relative to the observed values (with FU being more accurate), differences between them are reflected in the540

magnitude of bias and in overall statistical metrics of the evaluated PALM outputs.

The central differences between the two WRF setups are in their horizontal resolutions and physics parameterisation bundles

as presented in Table 1. The CNU configuration does not include information on urban canopy, geometry, or three-dimensional

objects (i.e., buildings) and has a coarser 3 km resolution. A combination of these WRF-CNU features produces smoother

radiation fields and overestimates morning and late-afternoon incoming SW radiation by failing to account for urban physical545

structures and shadowing effects. The inability to represent building-involved shadowing effects is evident in the qualitative

analysis, e.g., Fig. 5, where the WRF-CNU setup predicts an earlier and accelerated morning increase, as well as a delayed

afternoon reduction in SW incoming radiation compared to the observation.

Another prominent distinction visible in Fig. 5a is that the PALM-CNU In to WRF-CNU In ratio differs substantially from

the PALM-FU In to WRF-FU In ratio. The differences in the PALM-to-WRF short-wave radiation ratios at the FLE station550
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during the evaluated episode are closely related to differences between the diffuse (see Fig. S15) and direct short-wave radiation

components (see Fig. S16). Namely, the WRF-CNU simulations exhibited substantially larger diffuse short-wave radiation

(larger PALM/WRF ratio) than the WRF-FU simulations (smaller PALM/WRF ratio). These results, therefore, highlight that

accurate representation of the diffuse and direct shortwave radiation components is crucial for reproducing total radiation

fluxes, and that PALM simulations are sensitive to the diffuse/direct partitioning inherited from the mesoscale forcing model.555

The improved resolution and more explicit treatment of urban morphology in the FU configuration benefit the FU-driven

PALM simulation outputs. This is evidenced by improved overall statistical metrics (i.e., reduced MBE and RMSE and higher

agreement metrics) and a lower difference between peak solar noon insolation and observations. Even though the WRF-FU

setup’s departure from observation in SWin is evident in morning and afternoon street-level shadowing patterns, its midday

maxima are more realistic, and this configuration demonstrates a higher degree of agreement with observations from both560

CHMU and dedicated measurement stations. Finally, the FU’s overall superiority is seen in reduced dispersion of PALM’s

SWin and SWout values (see Fig. 3 and Fig. 4).

Given these findings, the WRF-CNU driving dataset impairs PALM’s performance due to biased radiation input fields,

whereas the WRF-FU setup provides PALM with more accurate radiation fields. As previously demonstrated in Radović et al.

(2024) and Resler et al. (2024) for meteorological variables (i.e., temperature and wind speed), this study emphasises both the565

importance of highly accurate radiation input fields and PALM’s sensitivity to the quality of meso-scale radiation forcing. Since

PALM’s and the RTM’s limited capability to simulate complex radiative transfer processes is insufficient to correct biases in

the driving fields, supplying the micro-scale model with realistic and robust meso-scale radiation forcing is imperative.

4.3 The effects of sky conditions on micro-scale simulations

Undoubtedly, this study demonstrates clear performance degradation of the micro-scale model under non-clear-sky conditions570

relative to the clear-sky conditions, where PALM’s RTM exhibits high-quality performance. During clear-sky conditions, the

Sun’s position relative to the Earth and the city’s structure predominantly control the radiation field. In such cases, PALM’s

RTM modelling, with meter-scale resolution, explicitly resolves the detailed processes that affect radiation fluxes and accu-

rately simulates the spatio-temporal dynamics of incoming short-wave radiation (i.e., exhibiting high temporal coherence with

observations, good magnitude and phase alignment, and strong statistical performance). When the variability in incoming575

radiative fluxes is caused by intermittent cloud cover, PALM’s framework is unable to capture rapid spatiotemporal fluctua-

tions in radiative fluxes because it depends on information from the meso-scale model. The performance degradation is more

pronounced in PALM’s SWin outputs, as evidenced by overestimated incoming radiation, low correlation, and generally poor

statistical performance. PALM’s ability to accurately capture and redistribute radiation based on finely detailed, high-resolution

geometry is insufficient for capturing the effects of cloud pattern shifts. Under cloud-cover conditions, the PALM is driven by580

the input conditions given by WRF. Temporal mismatches in cloud passages lead to large discrepancies in radiation values,

thereby further reducing correlation and increasing relative errors. However, it is important to keep in mind that PALM’s lim-

ited fidelity under non-clear-sky conditions does not represent a failure of the model itself and that its predictive skill remains

reasonably good.
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4.4 The importance of accurate short-wave radiation modelling for urban climate research and climate change585

adaptation and mitigation

Short-wave radiative fluxes play a critical role in urban surface energy balance and strongly control urban climate, thermal

comfort, and energy consumption in urbanised areas. If they are not captured accurately, errors and uncertainties in the radiative

fluxes computed by PALM’s RTM will propagate through the rest of the model framework and, in turn, affect all other variables

that depend on them, thereby diminishing the overall reliability of the simulation. Establishing reliable simulations is especially590

important when the micro-scale model is applied to human biometeorological studies or to the development of urban adaptation

or mitigation scenarios.

In human biometeorology, particularly in cities, SWin and SWout are crucial for estimating the thermal exposure and eval-

uating human thermal comfort. In essence, these two variables govern the MRT, the most important variable for calculating

thermal comfort indices such as UTCI and PET. The incoming short-wave radiation determines the level of solar exposure595

within cities (e.g., in sunlit areas such as open squares, wide streets, large public squares and plazas, and similar spaces). In

contrast, reflected short-wave radiation contributes to the amount of radiative load imposed by buildings, roads, and surround-

ing surfaces on urban dwellers. Inaccurate calculations of these radiative variables can lead to misidentification and mapping

of heat-vulnerable locations within cities, as well as to incorrect assessments of both the magnitude and the spatial distribution

of heat stress.600

From an application perspective, precise short-wave flux calculations are crucial for urban planning and design purposes,

as well as for the development of mitigation strategies. Since the amount of SWin cannot be controlled, its precise and high-

resolution modelling is fundamental to urban planning and design; without it, the strategic arrangement and optimisation of

building orientation and placement, street layouts, shade sail installation, and tree positioning would be less effective. In certain

situations, inappropriate mitigations may fail, leading to increased heat stress, distorted heating and cooling loads, and reduced605

overall urban sustainability. On the other hand, the SWout is a variable that urban planners can “control” to a certain extent, as

it can be altered by choosing urban materials that, for example, promote cooling. Our results emphasise the high sensitivity of

the SWout to the input static driver data. Hence, effectively simulating any pavement-based mitigation strategy or evaluating

pavement albedos requires both reliable urban static driver datasets and fidelity in PALM’s SWout calculation procedures.

Only if these two conditions are met can the predicted benefits and drawbacks of a designed strategy be considered realistic610

and applicable to urban sustainability planning (e.g., urban heat mitigation, thermal comfort improvements, and the long-term

resilience of cities).

4.5 Limitations and future aspects

– Static driver data accuracy constraints: Despite substantial efforts to ensure data quality (see section 3.2 in Resler

et al., 2021), PALM’s static driver dataset is inherently prone to inaccuracies in urban morphology, land cover, and615

vegetation characteristics. This makes it a weak link in the micro-scale simulation framework and a major source of

internally driven uncertainty, because it is practically impossible to map and keep all urban surfaces up to date. Due to
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the high heterogeneity of urban elements within the micro-scale simulation domain, uncertainties can arise from any

component defined in the static dataset (Belda et al., 2021). They can lead to systematic errors that directly affect both

SWin and SWout. Static driver data that may be erroneous includes, for example, building height and location, roof620

geometry, surface material, surface optical properties (e.g., albedo), vegetation height and spatial placement, and leaf

area density. Spherical photography at the measurement location can be used to identify these discrepancies as potential

sources of errors, as shown in Figure 8.

Simplified or idealised albedos and their deviations from actual “real-world” values for roofs, walls, pavements, and

vegetated surfaces are the main contributors to incorrect estimates of reflected radiation (as illustrated at the HAN sta-625

tion). In addition, these incorrectly represented albedos also affect the final value of the modelled SWin, owing to the

multiple-reflection processes represented and permitted by PALM’s RTM. In reality, urban objects, surfaces and vegeta-

tion are not “static” – they are prone to change due to ageing, season, and temporary or permanent human modification.

Since such limitations inevitably reduce simulation accuracy, future work should prioritise continuous updates to urban

morphology datasets and their utilisation in micro-scale models, such as PALM.630

– Limitations imposed by the meso-scale driving data: PALM’s modelling freedom is limited by its dependence on the

meso-scale driving data, as demonstrated throughout this work. The meso-scale errors propagate to micro-scale simu-

lations, introducing significant biases in PALM’s radiation-dependent variables and outputs. Therefore, future studies

should focus on improving the accuracy of cloud development, transfer, and optical properties within the meso-scale

model, and on assessing its reliability prior to conducting simulations. This would significantly strengthen confidence in635

PALM’s applicability under non-clear-sky conditions and further enhance the fidelity of its simulations, even when it al-

ready performs well under clear-sky conditions. From an objective standpoint, future studies should focus on developing

and refining more sophisticated coupling strategies for meso-scale and micro-scale models.

– Observational limitations: Our validation is not supported by a dense observation network but is performed against

four point-based measurement locations that cover only a limited spatial area. Consequently, this study is inherently640

constrained by a limited spatial sampling and may not fully reflect PALM’s fidelity in capturing radiation variability

within the simulated domain. Future efforts should prioritise establishing a denser and more heterogeneous observational

network to enable a more comprehensive evaluation of the micro-scale model.

– Transferability and representativeness of the results: This analysis presents a case study of a unique urban configura-

tion in Prague that encompasses both densely built-up areas and vegetation-covered environments. Hence, the validation645

and performance evaluation of PALM’s RTM remain specific to this context; applying the modelling framework to a

different city or urban environment may reveal limitations not captured within the simulation domain used in this study.

Furthermore, this study assesses only a limited number of episodes during the summers of 2017 and 2018. Conclu-

sions drawn from this ensemble of episodes may not be transferable to other seasons, even though these episodes were

deliberately selected for their relevance to, e.g., urban heat stress.650
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5 Conclusions

The central objective of this study is to examine the ability of the micro-scale model PALM to simulate both incoming and

outgoing short-wave radiation in a densely built urban environment. Following that, the experiment investigates how struc-

turally complex urban morphology and vegetation modulate these radiative fluxes and exposes the uncertainties arising from

meso-scale driving conditions and their effects on the micro-scale simulation. This was achieved by validating the micro-scale655

simulations against observed incoming and reflected radiation at four locations, each with different urban morphological prop-

erties, under various atmospheric cloud coverages. The PALM simulations are driven by two differently configured sets of

boundary conditions from the meso-scale model WRF. Next, both qualitative and quantitative analyses of PALM-modelled

radiative exchanges between buildings, pavements, and vegetation, as well as an evaluation of the uncertainties introduced by

the driving data, are performed. In conclusion, the performed experiment has led to the following findings:660

– The validation results showed the high fidelity of the micro-scale model in resolving the spatial and temporal variability

of short-wave radiation in a radiatively complex, morphologically heterogeneous urban environment. The model is par-

ticularly robust in accounting for shading effects from buildings, treating multiple reflections within urban canyons, and

vegetation-induced attenuation of short-wave radiation.

– From the PALM simulations, it is particularly noticeable how morphology and vegetation strongly influence the distri-665

bution of short-wave radiation at the one-meter scale. From a micro-scale modelling perspective, accurate reproduction

of morning and evening shading patterns validates both the model’s physical consistency in representing urban radia-

tive processes and the correct implementation of the urban static driver dataset within the model’s framework. On the

other hand, this alteration of both incoming and reflected radiation is not resolved in coarser models like WRF. Hence,

because PALM realistically reflects the spatial and morphological heterogeneity of the urban environment and improves670

the representation and calculation of urban radiative processes, it can be considered a reliable tool for urban climate

assessment.

– The reliability of the high-resolution micro-scale model simulations is especially dependent on the quality of the driving

data and the prescribed urban static driver dataset. Moreover, as an important outcome, we highlight that realistically

represented downwelling radiation from the meso-scale model and the boundary conditions are indispensable for ob-675

taining reliable results from PALM’s high-resolution modelling framework. If the imposed meso-scale driving data does

not reflect actual radiative and meteorological weather conditions and contains errors, the micro-scale model will inherit

these inaccuracies, thereby constraining the reliability of its simulations. To manage this complex and significant issue,

both meso-scale downwelling radiation and boundary conditions must be rigorously verified. Without prior examination

of the driving data and the attribution of potential discrepancies, any interpretation of the micro-scale outputs remains680

restricted and unreliable.

– Building on the previous argument, the simulated cloud cover in the meso-scale model stands out as the most important

physical driver and an essential source of potential uncertainty, because even the small inaccuracies in their representation
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can produce large deviations in downwelling short-wave radiation supplied to the micro-scale model. Therefore, future

research should focus on improving the accuracy of cloud representation and cloud-related parameters in the driving685

data. This could be achieved using ceilometer measurements, all-sky imaging systems, satellite-derived cloud datasets,

or machine-learning-based cloud reconstruction methods. Fine-tuned cloud depiction would substantially improve the

coherence between real atmospheric conditions and meso-scale forcings, as well as between the meso-scale forcings

and micro-scale simulations. Consequently, existing and potential biases could be removed from the meso-scale forcing,

preventing further error propagation into the micro-scale simulation.690

As a micro-scale model, PALM accounts for the propagation and interaction of short-wave radiation within a city’s complex

geometry; however, the consistency and quality of its output ultimately depend on the quality and accuracy of the prescribed

static datasets and the meso-scale input forcing data. Finally, the experiment underscores that achieving PALM’s high-level

predictive skill and generating reliable, climate-sensitive urban resilience strategies require prior examination of the driving

datasets, along with methodical diagnostics and quantification of their underlying biases.695
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Appendix A: Statistical evaluation715

Considering that Mi is the PALM-simulated value, M is the mean of all PALM-simulated values, Oi is the observed value,

O is the mean of the observations, and n is the total number of paired samples, the following formulas are applied for the

statistical evaluation:

1. Mean Bias Error MBE MBE= 1
n

∑n
i=1(Mi −Oi)

2. Root Mean Square Error RMSE RMSE =
√

1
n

∑n
i=1(Mi −Oi)2720

3. Pearson correlation coefficient r

r =

∑n
i=1(Mi −M)(Oi −O)√∑n

i=1(Mi −M)2 −
∑n

i=1(Oi −O)2

4. Coefficient of determination R2

R2 = 1−
∑n

i=1(Oi −Mi)
2∑n

i=1(Oi −O)2

5. Spearman’s correlation coefficient ρ725

ρ= 1−
6
∑n

i=1 d
2
i

‘
n(n2 − 1);di = rank(Mi)− rank(Oi)

6. Kendall’s correlation coefficient τ

τ =
Nc −Nd

1
2n(n

2 − 1)
;where Nc and Nd are the numbers of concordant and discordant pairs,respectively.

7. Index of Agreement (d; Willmott, 1981)

d= 1−
∑n

i=1(Mi −Oi)
2∑n

i=1(|Mi −O|+ |Oi −O|)2
730

8. Absolute difference AD

AD=
1

n

n∑
i=1

|Mi −Oi|

9. Relative Difference RD

RD=
1

n

n∑
i=1

(
Mi −Oi

Oi

)
× 100%
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Appendix B: WRF-to-PALM modelling workflow735

WRF PALM-meteo PALM/RTMDynamic driver

PALM/RTM outputs 

- Meteorological fields  

- Large-scale forcings

- Auxiliary 10 min 
output files containing:
downwelling short-  
(direct + diffuse) and 
long-wave downwelling 
radiation 

- Downscales 
meteorology and 
radiation fields 
- Horizontal interpolation 
- Vertical adaptation 
- Vertical interpolation 
- Dynamic driver file 
generation

Meteorological fields
+

 Large-scale forcing 
tendencies

+
 Radiation fields

- SW and LW radiation 
processing 
 - Absorption, reflection, 
and emission for surfaces 
and canopy grid boxes
- Shading, mutual visibility, 
and reflections with urban 
surfaces 
- Radiation transfer 
through vegetation 

Diffuse short-wave radiation
- Omnidirectional and reaches the ground 
from the sky (calculated using Sky-View 
Factors)
- Trapping and reflections 

- Absorbed, reflected, and 
emitted radiation for every 
face (both horizontal and 
vertical)
 - Absorbed and emitted 
radiation for each grid box 
containing the resolved 
plant canopy

Direct short-wave radiation 
 - Treated as a directional beam 
 - Shadow projections and blocking 
 - Reflections and absorption (depending on solar 
zenith angle)
 - Semi-transparent vegetation (penetration or 
absorption)

Figure B1. Schematic representation of the WRF-to-PALM modelling workflow applied in this study. The figure illustrates how meteoro-

logical and radiation fields are passed from the WRF model through the PALM-meteo processor and the dynamic driver file into PALM and

its radiation transfer module (RTM).
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of the PALM model system 6.0, Geoscientific Model Development, 13, 1335–1372, https://doi.org/10.5194/gmd-13-1335-2020, 2020.

Martilli, A., Clappier, A., and Rotach, M.: An Urban Surface Exchange Parameterisation for Mesoscale Models, Boundary-Layer Meteorol-

ogy, p. 261–304, https://doi.org/https://doi.org/10.1023/A:1016099921195, 2002.850

Matuschek, O. and Matzarakis, A.: A mapping tool for climatological applications, Meteorological Applications, 18, 230–237,

https://doi.org/10.1002/met.233, 2011.

Matzarakis, A., Rutz, F., and Mayer, H.: Modelling radiation fluxes in simple and complex environments—Application of the RayMan model,

International Journal of Biometeorology, 51, 323–334, https://doi.org/10.1007/s00484-006-0061-8, 2007.

Matzarakis, A., Rutz, F., and Mayer, H.: Modelling radiation fluxes in simple and complex environments: basics of the RayMan model,855

International Journal of Biometeorology, 54, 131–139, https://doi.org/10.1007/s00484-009-0261-0, 2010.

Middel, A., Lukasczyk, J., and Maciejewski, R.: Sky View Factors from Synthetic Fisheye Photos for Thermal Comfort Routing—A Case

Study in Phoenix, Arizona, Urban Planning, 2, 19–30, https://doi.org/10.17645/up.v2i1.855, 2017.

Mlawer, E. J., Taubman, S. J., Brown, P. D., Iacono, M. J., and Clough, S. A.: Radiative transfer for inhomogeneous atmospheres: RRTM, a

validated correlated-k model for the longwave, Journal of Geophysical Research, 102, 16 663–16 682, https://doi.org/10.1029/97JD00237,860

1997.

Nakanishi, M. and Niino, H.: Development of an Improved Turbulence Closure Model for the Atmospheric Boundary Layer, Journal of the

Meteorological Society of Japan. Ser. II, 87, 895–912, https://doi.org/10.2151/jmsj.87.895, 2009.

Oke, T. R., Mills, G., Christen, A., and Voogt, J. A.: Urban climates, Cambridge University Press, https://doi.org/10.1017/9781139016476,

2017.865

Piselli, C., Castaldo, V., Pigliautile, I., Pisello, A., and Cotana, F.: Outdoor comfort conditions in urban areas: On citizens’ perspective about

microclimate mitigation of urban transit areas, Sustainable Cities and Society, 39, 16–36, https://doi.org/10.1016/j.scs.2018.02.004, 2018.
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A new urban surface model integrated into the PALM large-eddy simulation model, Geoscientific Model Development, 10, 3635–3659,

https://doi.org/10.5194/gmd-10-3635-2017, 2017.
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