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Abstract 16 

Open terrestrial ecosystems exhibit pronounced fine-scale thermal heterogeneity, yet spatially 17 

continuous microclimate data at biologically relevant heights and scales remain scarce. Here, we 18 

evaluate three unoccupied aerial vehicle (UAV)-informed approaches for mapping microclimate 19 

temperatures, including land surface temperature (LST) and near-surface air temperature (T13cm), in an 20 

open heathland ecosystem. The approaches comprise a correlative gradient-boosted model (GBM), 21 

the mechanistic microclimate model microclimf, and UAV-based thermal remote sensing, with LST 22 

physically converted to near-surface air temperature. The comparison was conducted across four 23 

summer UAV campaigns in 2024 under clear-sky and overcast conditions. All spatial predictor 24 

variables, including topography, vegetation structure, land cover, and NDVI, were derived from 25 

UAV-borne thermal, multispectral, and LiDAR sensors. The GBM showed the closest agreement with 26 

in situ TOMST TMS-4 logger measurements for near-surface temperature (RMSE = 2.22 °C), followed 27 

by the UAV-based thermal conversion (3.37 °C) and microclimf (4.43 °C). Differences among 28 

approaches were systematic: microclimf generally underestimated near-surface temperatures, 29 

particularly beneath solitary trees, whereas the UAV-based thermal approach tended to predict higher 30 

temperatures, reflecting sensitivity to vegetation parameterization, spatial alignment, and potential 31 

radiative warming of shielded loggers. UAV-derived thermal observations captured more extreme LST 32 

values and sharper spatial contrasts than either correlative or mechanistic models, revealing fine-scale 33 

thermal mosaics characteristic of these open ecosystems. Overall, our results demonstrate that 34 

UAV-based thermal remote sensing, particularly when integrated with multispectral and LiDAR-derived 35 

structural information and physically based temperature conversions, provides complementary value 36 

to established microclimate modelling approaches by resolving thermal extremes and spatial 37 

variability that are otherwise smoothed or overlooked.  38 
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1. Introduction 39 

Microclimate modelling has gained strong attention in recent years within ecology and environmental 40 

meteorology. It plays a key role in understanding how climate change affects organisms in our 41 

ecosystems (Bramer et al., 2018; Kemppinen et al., 2024). Unlike macroclimate temperature—the free-42 

air temperature measured by weather stations—microclimate temperature better reflects the 43 

conditions organisms actually experience (Klinges et al., 2024). Topography and vegetation properties, 44 

such as canopy height and cover, strongly shape these conditions. As a result, microclimate 45 

temperatures can differ greatly from macroclimate values (De Frenne et al., 2021; Lembrechts et al., 46 

2022). Consequently, retrieving and modelling microclimate has become a central topic in 47 

microclimate ecology. This interest has grown further as microclimate information has been shown to 48 

improve species distribution models by representing biologically relevant thermal conditions and 49 

responses in plant dynamics due to climate warming (Haesen et al., 2023; Lembrechts et al., 2019; 50 

Zellweger et al., 2020). It also enables the identification of microrefugia, i.e. locally warmer and colder 51 

areas, acting as a potential buffer for organisms against regional climate warming (Greiser et al., 2020; 52 

Lenoir et al., 2017; Zhou et al., 2025). Such spatially explicit microclimate maps are, therefore, 53 

increasingly recognized as valuable tools for climate-adaptive landscape design and informed nature 54 

management. 55 

Empirical microclimate research has its roots in forest ecosystems (De Frenne et al., 2013), grounded 56 

in the premise that forest conditions strongly deviate from the macroclimate because dense forest 57 

canopies buffer temperature by reducing incoming shortwave radiation and enhancing evaporative 58 

cooling (De Frenne et al., 2021). This focus has introduced a strong information bias towards forest 59 

ecosystems (De Frenne et al., 2025; Kemppinen et al., 2024). Yet, weather stations are shaded and 60 

therefore approximate forest-like conditions, whereas organisms in open ecosystems often experience 61 

full exposure to solar radiation (Alujević et al., 2025; De Frenne et al., 2025; Gardner et al., 2019). In 62 

open systems, direct radiation amplifies temperature contrasts between vegetated patches and bare 63 

soil, increasing both vertical and horizontal thermal heterogeneity at fine spatial scales (Aalto et al., 64 

2022). Additional drivers, such as microtopography, vegetation height and structure, wind exposure, 65 

and soil moisture, further shape near-surface temperatures (De Frenne et al., 2021; Greiser et al., 66 

2024). Together, these processes can generate large variation and microclimate–macroclimate 67 

mismatches that challenge assumptions of uniform thermal conditions and highlight the need for 68 

accurate temperature data in open ecosystems. 69 

Retrieving accurate temperature measurements in open ecosystems remains, however, challenging 70 

when sensors are exposed to direct solar radiation. To minimize radiative heating, microclimate 71 
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researchers aiming to measure air temperature typically shield their temperature loggers. Yet, these 72 

shields might not always offer solutions to the problem as they absorb radiation themselves while not 73 

allowing for sufficiently air flow between the shield  and the sensor itself, leading to erroneous 74 

temperature values as well (Maclean et al., 2021). As a result, debate continues on how to collect 75 

accurate in situ temperatures in open ecosystems (De Frenne et al., 2025). Recent work points to 76 

thermocouples as the most accurate option (Maclean et al., 2021). However, sensor choice involves 77 

trade-offs where accuracy often conflicts with feasibility, robustness, cost and comparability. 78 

In addition, when the objective is to produce spatially continuous maps of microclimate, point-based 79 

field measurements alone are insufficient. Furthermore, the ability to model temperature variability 80 

over short distances requires data at very high spatial resolution. Recent advances in remote sensing—81 

particularly reduced sensor costs and miniaturization—have driven a rapid increase in the use of 82 

unoccupied aerial vehicles (UAVs) in environmental research to provide such fine-scale information 83 

(Manfreda et al., 2018; Zellweger et al., 2019). Within microclimate ecology, several approaches have 84 

therefore been developed to derive spatially explicit temperature maps:  85 

Correlative models link observed microclimate temperatures to environmental variables, typically 86 

including topography, vegetation properties, and macroclimate forcing, through statistical approaches 87 

(Davis et al., 2019; Gril et al., 2023) or machine learning (Haesen et al., 2021; Lembrechts et al., 2022). 88 

Their strengths lie in computational efficiency and scalability. They also integrate high-resolution 89 

terrain data effectively, and macroclimatic variables are not always needed at high temporal resolution 90 

(Fick and Hijmans, 2017; Kemppinen et al., 2024). However, they perform poorly outside their training 91 

range (Aalto et al., 2022). Reliable and transferable models, therefore, require very large logger 92 

networks that capture a wide range of environmental variation. 93 

Mechanistic models explicitly solve energy-balance equations, including radiation, sensible and latent 94 

heat, and wind. They generate physically consistent estimates of temperature, humidity, and soil 95 

moisture at high temporal resolution (Kearney et al., 2020; Maclean, 2026). Because the underlying 96 

physics remain valid across systems, these models transfer well between ecosystems and climate 97 

scenarios. They also resolve vertical temperature profiles above and within canopies (Kolstela et al., 98 

2024; Maclean and Klinges, 2021). However, they require highly-specific input layers, such as leaf area 99 

index, leaf orientation, leaf width, stomatal conductance, and soil reflectance, which are often 100 

unavailable or uncertain. Small parameter errors can propagate and bias temperature estimates. In 101 

addition, high-resolution or large-area applications remain computationally demanding. However, 102 

statistical model emulation techniques can offer a way forward in this avenue (Baker et al., 2022). 103 
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Thermal remote sensing directly measures land surface temperature (LST). A key limitation is its low 104 

temporal resolution, as it provides only instantaneous observations. While methods to overcome the 105 

limited temporal coverage of UAV-based thermal data are beginning to emerge, such as Alujević et al. 106 

(2025), most applications remain temporally sparse. Moreover, thermal sensors capture surface 107 

temperatures only and cannot penetrate vegetation canopies, limiting their ability to characterize sub-108 

canopy microclimates (Zellweger et al., 2019). These constraints are further exacerbated for satellite-109 

based thermal data, which typically have coarse spatial and temporal resolution 110 

(Andriambololonaharisoamalala et al., 2025). In contrast, thermal UAV data provide much finer spatial 111 

detail, allowing the detection of small-scale thermal heterogeneity that is particularly relevant in open 112 

ecosystems (Metsu et al., 2026). When repeated across seasons and times of day, UAV surveys can 113 

reveal thermally stable areas as well as persistent warm and cool spots, which may indicate potential 114 

microrefugia (Hoffrén and García, 2023). Despite this clear potential, integration of surface- or canopy-115 

level temperatures derived from thermal remote sensing into established microclimate modelling 116 

frameworks remains limited (Zellweger et al., 2019). 117 

Deriving spatially continuous, high-resolution microclimate temperatures in open ecosystems remains 118 

challenging. Here, we compare three approaches for estimating microclimate temperature in an open 119 

heathland ecosystem: (1) a correlative gradient-boosted model; (2) a parameterized mechanistic 120 

microclimate model, and (3) thermal UAV observations. The analysis covers four summer days under 121 

varying meteorological conditions. All spatial input variables, except soil parameters, originate from 122 

UAV-based sensors. The comparison encompasses both surface and near-surface temperature, with 123 

the aim of demonstrating the methodological potential of thermal UAV observations to estimate near-124 

surface temperature.  125 
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2. Material and Methods 126 

2.1. Study area 127 

 128 

Figure 1. Study area and sampling coverage. A) Location of the UAV flight blocks (red) within the open ecosystems of 129 
Grenspark Kalmthoutse Heide (blue outline; Belgian part in green). B) Environmental variability of the study area (left) and 130 
the conditions represented by the 119 TOMST TMS‑4 loggers (right), based on LiDAR and multispectral UAV data. 131 

The study took place in Grenspark Kalmthoutse Heide (51°24'N, 4°25'E), a transboundary nature 132 

reserve of approximately 60 km² located in Belgium and the Netherlands. The area includes 133 

heathlands, grasslands, fens, dunes, pine and deciduous forests on predominantly sandy soils. The 134 

open ecosystem consists mostly of a mosaic of Common heather (Calluna vulgaris), Cross-leaved heath 135 

(Erica tetralix), and Moor-grass (Molinia caerulea). Large parts are also grazed by cattle (extensive 136 
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grazing) and sheep (pulse and herded grazing). Nine subareas were selected to span key environmental 137 

gradients, such as vegetation type, cover, and topography. These subareas are hereafter referred to as 138 

“flight blocks”, as UAV surveys targeted them (Figure 1A). 139 

2.2. Data acquisition 140 

2.2.1. Climate data 141 

This study used a microclimate logger network consisting of 119 TOMST TMS-4 loggers (Wild et al., 142 

2019) measuring soil (-8 cm), surface (0 cm), and near-surface air (13 cm) temperature at 15-min 143 

intervals (Figure A1). To ensure coverage across the full range of environmental gradients (Figure 1B), 144 

we followed the procedure described by Lembrechts et al. (2021) to select logger locations within the 145 

Principal Component space of our study area created using gridded environmental products. To limit 146 

the influence of direct solar radiation, the sensors were equipped with a triple-shield setup, and the 0 147 

cm sensor faced north. The lowest shield had a doughnut shape to promote airflow. Because large 148 

parts of the study area are grazed, chromed steel wired cages protected some loggers from trampling 149 

(Supplementary information Figure A1), while some were explicitly not equipped with this protection 150 

to avoid flattening of the surrounding vegetation, thereby disturbing vegetation structure and thus 151 

microclimate. The exact logger locations were recorded using an Altus APS3G Septentrio real-time 152 

kinematic (RTK) system with an accuracy of 0.02 m. Loggers were deployed in late summer 2023 and 153 

data were retrieved in October (INBO sites) and December 2024.  154 

Macroclimate variables, including wind speed, wind direction, air temperature at 2 m height, relative 155 

humidity, global radiation, downwelling longwave radiation, and atmospheric pressure, were retrieved 156 

as hourly aggregates from a nearby automatic weather station operated by the Royal Meteorological 157 

Institute of Belgium in the municipality of Stabroek (approximately 9 km from the study site). In 158 

addition, cumulative precipitation over the preceding two days was calculated as a proxy for surface 159 

moisture and water retention in moss layers.  160 

2.2.2. UAV data 161 

All UAV data were collected using a DJI Matrice 300 RTK. Flights were conducted in combination with 162 

a DJI D-RTK 2 mobile station to improve positional accuracy. To enhance image alignment across survey 163 

periods, permanent thermal ground control points (GCPs) were distributed across the large flight 164 

blocks (ANBH1, ANBH2, ANBG). Each GCP consisted of four squares in a checkered pattern, where the 165 

white squares were covered with aluminum foil to ensure contrast in both short- and long-wave 166 

radiation (Maes, 2025). GCP locations were measured using an Altus APS3G Septentrio RTK system.  167 
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LiDAR (Light Detection and Ranging) data were acquired using a YellowScan Surveyor Ultra sensor 168 

equipped with a Hesai XT32M2X scanner. The system operates at 640,000 pulses per second and 169 

provides a reported precision and accuracy of 3 cm. Flights were conducted on 16 October 2024 170 

between 10:00 and 15:45 Central European Summer Time (CEST). Data were collected at 75 m above 171 

ground level (AGL), with a flight speed of 5 m s⁻¹ and a line spacing of approximately 25 m. This 172 

configuration yielded point clouds with a weighted mean density of 532 points m⁻². 173 

Multispectral (MSP) data were collected using an AgEagle MicaSense Altum-PT sensor equipped with 174 

a DLS-2 downwelling light sensor. Data were acquired in the blue, green, red, red-edge, near-infrared 175 

(NIR), and thermal infrared (TIR) bands (Table A1). Flights were conducted on 19 September 2024 176 

under clear-sky conditions between 09:45 and 15:45 CEST. These UAV missions were executed at 100 177 

m AGL, with a speed of 6.6 m s⁻¹ and 75% forward and side overlap. This resulted in a ground sampling 178 

distance of 4.32 cm. A 50% reflectance calibration panel (60 × 60 cm) was placed on the ground, 179 

centrally in the flight block. Images of the panel were acquired at flight altitude at the start, middle 180 

and end of each mission. 181 

Thermal data were acquired using a TeAx ThermalCapture 2.0 sensor with an integrated calibrator, 182 

built around a FLIR Tau2 core (640 × 512 pixels). The calibrator enabled regular flat-field correction 183 

using a blackbody during flight, reducing sensor non-uniformity caused by wind and platform 184 

orientation. This setup resulted in an absolute radiometric accuracy of 1.5 °C and a thermal resolution 185 

of 0.04 °C (TeAx, 2022). The thermal sensor was co-registered with the MicaSense Altum-PT to leverage 186 

RTK positioning and enable simultaneous multispectral acquisition. Flights were conducted at 75 m 187 

above ground level, with a speed of 5 m s⁻¹ and 75 % horizontal overlap. Vertical overlap was defined 188 

during preprocessing and set to a minimum of 90 %, given its 8 Hz acquisition rate (Section 2.3.4). This 189 

configuration yielded a spatial resolution of approximately 10 cm. 190 

During each thermal flight, air temperature and relative humidity were recorded at 5-s intervals using 191 

a Kestrel 5500L environmental meter. Crumpled aluminum foil panels were deployed to estimate 192 

background temperature (Maes et al., 2017; Metsu et al., 2026). Four thermal flights were conducted 193 

during the summer under both clear and overcast conditions (Table 1).  194 
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Table 1. Overview of executed thermal UAV flights with the corresponding atmospheric information. The time of flight 195 
(halfway point of the flight) is given as local time (CET), Sky indicates whether the sky was sky clear (without clouds, SKC) or 196 
if there was a full homogeneous overcast (OVC), air temperature (°C), relative humidity (%), wind speed (m/s), wind direction 197 
(°), downward shortwave radiation (Sw down, W/m2), and downward long wave radiation (Lw down, W/m2) are the 198 
aggregated hourly means corresponding to the hour in which the flight occurred, derived from the Royal Meteorological 199 
Institute from Belgium.  200 

Flight Datetime Sky 
Air Temperature 

(°C) 
Relative 

Humidity (%) 
Wind Speed 

(m/s) 
Wind 

Direction (°) 
Sw down 
(W/m2) 

Lw Down 
(W/m2) 

1 
2024-06-13 

18:20 
OVC 18.7 48.9 6.0 212.9 197.0 349.7 

2 
2024-06-26 

16:30 
SKC 29.9 42.5 1.8 29.3 719.8 391.5 

3 
2024-07-25 

12:45 
OVC 21.9 64.5 5.1 190.0 430.2 399.5 

4 
2024-08-06 

17:15 
SKC 28.1 48.5 4.3 227.9 518.2 388.2 

 201 

2.2.3. Soil Variables 202 

Soil data were obtained from Databank Ondergrond Vlaanderen, providing spatially interpolated maps 203 

of sand, silt, and clay fractions (%) of the upper 10 cm at a 10-m spatial resolution (Wittemans et al., 204 

2023).  Consequently, fine-scale variability in local soil conditions may not be fully captured. 205 

2.3. Data processing  206 

Apart from sensor or UAV-specific software mentioned in the relevant sections, all analyses were 207 

performed in R version 4.3.1 (R Core Team, 2023). Data manipulation relied primarily on dplyr v1.1.4 208 

and tidyverse v2.0.0 (Wickham et al., 2023, 2019). Spatial analyses were conducted using terra v1.8-209 

29 (Hijmans, 2025), and figures were produced using ggplot2 v3.5.2 (Wickham, 2016). QGIS 3.28.3 210 

(QGIS Development Team, 2025) was used for spatial data inspection and management. Moreover, 211 

QGIS’ georeferencer tool was used to align different layers based on the GCPs and distinctive features 212 

in the landscape. Here, the thin plate spline transformation and a cubic resampling method was 213 

chosen. To match the spatial resolution of the thermal UAV data, all spatial layers were generated or 214 

resampled to 10-cm resolution. This resolution allowed discrimination of fine vegetation structure 215 

while remaining computationally feasible. 216 

2.3.1. Microclimate 217 

Raw sensor data were partially processed using the myClim package (Man et al., 2023). Extreme values 218 

(> 70°C and < -20°C), outliers (temperature differences >10 °C between consecutive measurements), 219 

and flatlines (no temperature variation over 24 h), indicative of sensor malfunction, were removed. 220 

When radiation shields were removed or damaged by grazers or hikers, data from the preceding two 221 

weeks were excluded, corresponding to the biweekly field inspection interval. 222 
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The winter of 2023–2024 was exceptionally wet, resulting in five loggers remaining permanently 223 

submerged throughout 2024 and reducing the final dataset to 114 loggers. Some loggers were 224 

temporarily submerged until varying dates in spring; these periods were excluded from the analysis. 225 

As the study focuses on summer conditions, the dataset was restricted to the period from 15 March 226 

to 15 October 2024. The cleaned time series were subsequently aggregated to hourly resolution. 227 

Due to the very high spatial resolution of the UAV-derived data, radiation shields and metal cages 228 

locally affected multispectral reflectance (and consequently NDVI and land cover classification, see 229 

Section 2.3.3) as well as thermal measurements at the exact logger positions. To extract representative 230 

environmental information, logger locations were adjusted to a nearby representative pixel within a 231 

radius of approximately 0.5 m, based on similarity in NDVI, land-cover class, canopy height, and 232 

topographic position. 233 

For each hour within the study period, solar geometry was calculated using the microctools v0.1.0 234 

package (Maclean, 2025). Solar altitude and azimuth were derived from Julian day, local time, and the 235 

central coordinates of the study site. 236 

2.3.2. LiDAR UAV data processing and derivates 237 

Initial LiDAR processing was performed in CloudStation v2007.0.1 (YellowScan, 2024). Post-processing 238 

kinematic corrections were applied using Applanix POSPac MMS 8.9 (Applanix, 2023). A virtual 239 

reference station was created using three Flemish positioning service (FLEPOS) RTK stations. This 240 

workflow produced a smooth best estimate trajectory (SBET) used for georeferencing. The coordinate 241 

reference system was set to WGS84 UTM 31N (EPSG:32631), with orthometric heights derived using 242 

the HBG03 (Belgium) geoid model. The point cloud was classified into ground and non-ground points 243 

using CloudStation. Classification parameters included an inner object size of 10 m, steepness of 0.05 244 

(hilly), minimum object height of 0 m, and point cloud thickness of 0.1 m, with low-point removal 245 

enabled. The digital terrain model (DTM) was exported as a GeoTIFF at 0.5-m resolution using mean 246 

elevation per pixel and further smoothed in R using a Gaussian kernel (n = 15, σ = 3) from the 247 

spatialECO package (Evans, 2023). The DTM was then resampled to 10-cm resolution. The canopy 248 

height model (CHM) was derived by subtracting the DTM from the digital surface model (DSM), both 249 

exported as a GeoTIFF at 10-cm resolution. Artefacts in the DSM were set to NA and interpolated using 250 

neighbouring pixels. A DTM generated at 10-cm resolution was preferred over the smoothed one, as 251 

the latter introduced negative CHM values due to the smoothing and averaging. 252 

Slope (°) and aspect (radians) were derived from the smoothed DTM using terra. Aspect was 253 

transformed into northness and eastness using cosine and sine transformations. The topographic 254 

position index (TPI) was calculated using the MultiscaleDTM package with a 10 m × 10 m kernel as 255 
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measure to distinguish local depressions and hilltops in the landscape (Ilich et al., 2023). Surface 256 

roughness, i.e., the amount of topographical variation, was quantified with the same package using 257 

the vector ruggedness measure (VRM) on the DSM with a 3 m × 3 m kernel. 258 

2.3.3. Multispectral UAV data and derivates 259 

Multispectral images were processed in Agisoft Metashape v2.0.0 (Agisoft, 2022) following the 260 

MicaSense Altum-PT recommendations (Agisoft, 2024). Reflectance calibration used images of the 261 

50 % calibration panel. DLS-2 data were included only under overcast conditions as recommended by 262 

Micasense (MicaSense, 2024). Images were aligned with high accuracy (with a 40,000 key point limit 263 

and 10,000 tie point limit), followed by dense point cloud generation using a mild depth filter (to avoid 264 

cutting of the tops of the vegetation). Subsequently, a digital elevation model was generated from the 265 

dense point cloud and used as the base raster for mosaicking reflectance values, applying the default 266 

“mosaic” blending mode. The final orthomosaics (WGS84 UTM 31N) were exported as a five-band 267 

raster stack (blue, green, red, red-edge, NIR) at a spatial resolution of approximately 4.5 cm. Note, the 268 

values were divided by 32768, to convert the 16 bit output to reflectance values between 0 and 1.  269 

We derived the Normalized Difference Vegetation Index (NDVI; Rouse et al., 1974) from the 270 

multispectral data as a proxy for vegetation density. In addition, we divided the landscape into different 271 

land cover (LC) classes: grass, heath(shrubs), moss, bare sandy soil and trees. Training data was created 272 

by drawing shapefiles on high-resolution RGB composites. A Random Forest (RF) classifier was trained 273 

and tuned on the spectral bands, CHM and NDVI using the R-packages ranger v0.16.0 (Wright and 274 

Ziegler, 2017) and Caret v6.0-94 (Kuhn, 2008a). Models were fitted with 500 trees. Hyperparameters 275 

were tuned using a grid search over mtry (1–4), min.node.size (3, 5, 7, 9), and split rule (“gini”, 276 

“extratrees”, “hellinger”), evaluated via 10-fold cross-validation. Model selection based on the kappa 277 

index of agreement identified an optimal configuration with mtry = 4, min.node.size = 3, and the “gini” 278 

split rule. This model achieved an overall accuracy of 94.6% and a kappa coefficient of 0.927. More 279 

detailed information on the land cover classification, as well as the spatial outputs, can be found in the 280 

Supplementary Information (Appendix B). 281 

2.3.4. Thermal UAV data 282 

Thermal data from the ThermalCapture 2.0 camera were recorded as .TMC files and converted to TIFF 283 

format using ThermoViewer 3.0.10 (TeAx Technology, 2020), with metadata exported as a .csv file. 284 

Because the sensor provides at-sensor temperatures, radiometric and atmospheric corrections were 285 

applied using the theRmalUAV R package (Metsu et al., 2026), following the image-based workflow. 286 

Images were filtered to retain at least 90% overlap, background temperature was estimated from 287 

aluminum reference panels, and atmospheric correction was performed using meteorological data 288 
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from the Kestrel 5500L weather station, assuming emissivity = 1 to obtain corrected brightness 289 

temperatures. Air temperature effects were accounted for (Maes et al., 2017; Metsu et al., 2026), and 290 

subsequently, the brightness temperature orthomosaics were generated in Agisoft Metashape using 291 

default settings. To derive the LST, a spatial emissivity correction was applied (Metsu et al., 2026) based 292 

on flight-specific land cover maps derived from multispectral imagery (Appendix B). Emissivity values 293 

were assigned per land cover class following Rubio, Caselles and Badenas (1997), yielding the final 294 

corrected LST maps. More detailed information regarding the processing of the thermal UAV data can 295 

be found in the Supplementary Materials (Appendix C). 296 

2.4. Modelling 297 

2.4.1. Gradient Boosted Models 298 

In this study, we applied a gradient boosted modeling (GBM) approach for the correlative microclimate 299 

predictions of the hourly aggregated TMS-4 microclimate temperature (°C) at either ground or near 300 

the surface. GBM is a machine learning technique that uses an ensemble of decision trees (shallow 301 

learners), where each consecutive tree is trained to model the residuals of the preceding ensemble 302 

through boosting (Elith et al., 2008). Spatial predictors included: elevation (m), canopy height (m), 303 

northness and eastness, slope (°), topographic position index (m), surface roughness, land cover class, 304 

normalized difference vegetation index, and soil fractions (%). Weather related predictors included: 305 

macroclimate temperature (°C), wind speed (m s-1), relative humidity (%), global shortwave radiation 306 

(W m-2), solar altitude and azimuth (°), accumulated precipitation over the preceding 48 h (mm), and 307 

downwelling longwave radiation (W m-2). An overview of the input variables used in the different 308 

modelling approaches is available in the Supplementary Materials (Appendix D). 309 

Models were trained and tuned using the gbm package v2.2.2 (Ridgeway and GBM Developers, 2024) 310 

in combination with caret v6.0-94 (Kuhn, 2008a). Hyperparameter tuning explored combinations of 311 

interaction depths (2, 3, 4), number of trees (5,000–10,000, step 500), and minimum observations per 312 

node (8, 10, 12). Shrinkage (learning rate) was set to 0.01 to maintain relatively shallow trees and avoid 313 

overfitting of the model. Model performance was evaluated using mean absolute error (MAE), root 314 

mean squared error (RMSE), and coefficient of determination (R2). We implemented a 10-fold block 315 

cross-validation, constructing folds while accounting for differences between flight blocks. To avoid 316 

clustering of validation data, we performed a principal component analysis (PCA) on the environmental 317 

variables using the stats package v4.3.1 (R Core Team, 2023), and visually inspected the first three axes 318 

to ensure folds adequately captured environmental variability, using the plotly package (Sievert, 2020; 319 

Figure E5). Hyperparameter tuning indicated an optimal interaction depth of 4; however, to reduce 320 

overfitting, we selected the smallest tested depth of 2, which already approached optimal 321 
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performance and better captured general trends, consistent with Elith, Leathwick and Hastie (2008). 322 

The resulting reduction in accuracy was marginal (0.6 %). Final hyperparameters for both ground (T0cm) 323 

and near-surface temperature (T13cm) models were: shrinkage = 0.01; interaction depth = 2; 10,000 324 

trees; and minimum observations per node = 12. The final GBM model formula, variables importances 325 

and details on hyperparameter tuning are attached in the Supplementary Materials (Appendix E). 326 

2.4.2. Microclimf 327 

In this study, we used the open-source mechanistic microclimate model microclimf (MacLean, 2026; 328 

version 0.2.0). This model requires four main types of input data: (1) tabular weather data (Section 329 

2.2.1), with diffuse radiation calculated using microctools (Maclean, 2025), (2) vegetation or habitat 330 

information (Section 2.3.3), (3) a DTM (Section 2.3.2), and (4) soil type (Section 2.2.3). Ground 331 

reflectance was derived as the average reflectance of representative soil layers using multispectral UAV 332 

data. For bare sandy soils, the mean reflectance of this land-cover type was used. For areas covered 333 

by moss, including moss present under other vegetation, the reflectance of bare moss was used as the 334 

ground reflectance. 335 

As a starting point for parameterization, vegetation parameters were derived from habitat types using 336 

the vegfromhab function in microclimf. To enable this, the land cover types were reclassified to match 337 

the microclimf habitat categories (Table A2), and canopy height derived from UAV-based LiDAR data 338 

(Section 2.3.2) was used as vegetation height. Notably, solitary or small patches of Pinus sylvestris were 339 

classified as “evergreen needleleaf forest,” as this category provided the closest match to their 340 

structural characteristics. Two vegetation parameters were adjusted: plant area index (PAI) and leaf 341 

reflectance. PAI was calculated from the NDVI map derived from MSP UAV data (Section 2.3.3) using 342 

the empirical relationship 0.1 × exp(2.83 × NDVI) for total vegetation established by Juutinen et al. 343 

(2017). This produced values similar to microclimf estimates while providing higher spatial resolution 344 

and variability. PAI was set to zero for bare soil and water. Leaf reflectance was calculated similarly to 345 

ground reflectance, as the pixel-wise average of MSP data representing the shortwave reflectance of 346 

vegetative surfaces. 347 

Microclimf models were run at an hourly temporal resolution for the days corresponding to thermal 348 

UAV flights (Table 1). Each model run used input data from the matching MSP UAV flight. Target heights 349 

were set to 13 cm and 20.5 m: 13 cm matched the height of in situ TOMST TMS-4 near-surface 350 

temperature sensor, and 20.5 m (slightly above the tallest trees, ~20 m) was used to model leaf (canopy 351 

surface) temperatures of shrubs, grasses, trees, and mosses, allowing comparison with UAV-derived 352 

LST. 353 
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2.4.3. Thermal UAV data 354 

Temperatures derived from thermal UAV data represent land surface temperatures (LST), which reflect 355 

the absolute temperature of the landscape surface. These temperatures differ significantly from those 356 

measured or modelled at 13 cm above the ground (T13cm, Figure 2). Moreover, thermal UAV data only 357 

capture the surfaces visible to the UAV: for shrubs, this corresponds to the canopy temperature above 358 

13 cm, while for mosses, our target temperature of 13 cm is above the measured surface. Although 359 

LST is highly relevant for ectotherms (Alujević et al., 2025) and other small surface-dwelling arthropods 360 

such as ants, ground beetles, and spiders, it cannot be directly compared with T13cm. Therefore, we 361 

converted LST to temperatures at a specified height (Tz). The conversion of LST to Tz depends on both 362 

the desired height (z) and the canopy height of vegetation, and follows two distinct approaches: (i) Tz 363 

above the canopy or ground surface and (ii) Tz below the canopy or within vegetation. The vegetation 364 

height determines which approach is applied for each pixel. For bare soil or moss, the above-canopy 365 

method is used, whereas for taller shrubs or grasses, the below-canopy method is applied. These 366 

workflows are inspired by the microclimf methodology for modelling radiation budgets and Tz above 367 

and below vegetation canopies (MacLean (2026); Appendix F). 368 

To model Tz above the canopy or ground, we used Monin-Obukhov Similarity Theory (MOST; Monin 369 

and Obukhov, 1954; Foken, 2006) to resolve the energy balance of a vegetated surface, such as moss, 370 

grasses, or small shrubs. Above the canopy, turbulence and wind drive heat and vapor exchange 371 

between the canopy and the overlying air (Campbell and Norman, 1998). The goal is to estimate near-372 

surface temperature using the canopy temperature (derived from UAV LST) and reference 373 

meteorological conditions measured at a reference height, in our study measured at 1.5 m with the 374 

Kestrel 5500L environmental meter. The near-surface temperature at height z (°C) above the canopy is 375 

calculated as (Maclean, 2026): 376 

𝑇𝑧 = 𝑇𝐴 + (𝑇𝐶 − 𝑇𝐴) (1 +
ln
𝑧−𝑑

𝑧𝐻

ln
𝑧𝑅−𝑑

𝑧𝐻

)  (1) 

where TC is the canopy temperature (°C), TA the reference air temperature (°C) at height zR (m) above 377 

the ground, and d the zero plane displacement length (m), a measure representing the height within 378 

the canopy where the windspeed approximates zero m s-1. ZH is the roughness length for heat, a 379 

measure of how efficiently sensible heat is transferred between the surface and the atmosphere and 380 

is given by 0.2 × zM, the roughness length of momentum (Campbell and Norman, 1998). The value of 381 

zM is dependent on friction velocity and sensible heat flux, which in turn are dependent on zM and each 382 

other. Solving the equations requires an iterative optimization model. Full details on this calculation 383 

are provided in Supplementary Information (Appendix F). 384 
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If the target height lies within the canopy (e.g., inside a shrub), the MOST approach is not applicable 385 

(Bonan et al., 2021). Instead, we use Raupach’s Localized Near-Field Theory (LNZT; Raupach, 1989b, 386 

1989a), which predicts the distribution of heat and vapor within a canopy using Lagrangian theory. In 387 

this approach, the mean temperature is the sum of a diffusive far-field contribution, following MOST, 388 

and a non-diffusive near-field contribution from local sources (e.g., leaves), assuming locally 389 

homogeneous turbulence. For this calculation, the leaf temperature at the canopy top is assumed to 390 

be the LST derived from UAV data. Detailed derivations and assumptions are provided in 391 

Supplementary Information (Appendix F). 392 

2.5. Comparison of modelling approaches for T13cm and LST 393 

Land surface temperature (LST) and near-surface temperature at 13 cm height (T13cm) were compared 394 

among the three microclimate modelling approaches and evaluated against in situ measurements for 395 

flight block ANBH1 (Figure 1A). The surface temperature follows the vegetation structure, while T13cm 396 

is fixed at a constant height above the ground (Figure 2). Pixels classified as water were excluded from 397 

the comparison as temperatures over water bodies fall out scope of this study. Comparing modelled 398 

T13cm with in situ measurements is straightforward for all models and vegetation types, as both 399 

represent the same height. In contrast, comparing LST with in situ measurements is less direct. The T2 400 

sensor of the TOMST TMS-4 loggers measures ground surface temperature (T0), which is only 401 

comparable with microclimf and thermal UAV outputs for the landcover types “Sand” and “Moss”. 402 

Microclimate temperatures (LST and T13cm) were modelled or predicted for the four specific hours 403 

corresponding to the thermal UAV flights (Table 1). 404 

 405 

Figure 2. Conceptual visualization of the difference between land surface temperature and near-surface air temperature. 406 
The land surface temperature (LST, in blue) follows the vegetation structure, providing information on what we can measure 407 
with thermal UAV data from above. The near-surface air temperature is measured with loggers at a fixed height above the 408 
ground, in this case 13 cm (T13cm , in red). 409 

In this study, we established a logger network using TOMST TMS‑4 loggers. At the time of field 410 

preparation, more accurate and robust thermocouple‑based systems, such as SurveyTags (Concept 411 
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Shed), were still under development and therefore not available for deployment. The TMS-4 loggers 412 

are widely used in microclimate research, and their performance characteristics, limitations, and 413 

data-processing workflows are well documented in the literature. These loggers have a stated accuracy 414 

of ±0.50 °C (Wild et al., 2019), but are known to exhibit radiation-induced heating under high 415 

irradiance, which can lead to positive temperature biases under extreme conditions (Maclean et al., 416 

2021). While acknowledging this limitation, we consider the spatial and temporal patterns observed 417 

in our ecosystem to exceed the expected magnitude of logger bias, particularly given the triple-shield 418 

setup. Logger performance is assumed reliable in shaded environments such as within heather shrubs, 419 

dense grasses, and beneath solitary or small trees, where direct radiative loading is reduced.  420 

Nevertheless, even with shielding, positive temperature biases under high levels of direct solar 421 

radiation cannot be entirely excluded (Maclean et al., 2021). Consequently, the in situ measurements 422 

were treated as the best available reference, acknowledging that they do not represent a perfect or 423 

error-free representation of reality.  424 

The three modelling approaches were evaluated against this reference using RMSE and the coefficient 425 

of determination (R²), with pixel-level differences between modelled and measured temperatures, 426 

referred to as Δ, used to quantify over- or underestimation: 427 

∆𝑚𝑜𝑑𝑒𝑙 = 𝑇𝑚𝑜𝑑𝑒𝑙 − 𝑇𝑚𝑒𝑎𝑠𝑢𝑟𝑒𝑑 (2) 

Additionally, to assess spatial variation within the models, sets of 50 random points per land cover 428 

class were generated. Microclimate temperatures from all three modelling approaches were extracted 429 

at these points.  430 
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3. Results  431 

3.1. Measured and predicted temperature patterns 432 

Daily minimum and maximum temperatures of T13cm during the summer of 2024 are more extreme in 433 

open ecosystems compared to weather stations (TMacroclimate), resulting in larger daily fluctuations 434 

(Figure 3). These fluctuations are further amplified under clear skies and high macroclimate 435 

temperatures (Flights 2 and 4). Figure 3 also situates the dates of the UAV comparison flights within 436 

the study period, showing the different weather conditions for each flight. These trends are also visible 437 

in the microclimate offsets to macroclimate temperature (Appendix H). 438 

 439 
Figure 3. Daily minimum and maximum micro- and macroclimate temperatures for the summer of 2024 within the focus 440 
area for the comparison (ANBH1, n = 30). The microclimate temperature measured at 13 cm (T13cm) shows much higher 441 
extremes compared to the weather station, especially for open and sparse vegetation (e.g., mosses and heather shrubs). The 442 
dates for which the comparison is done are highlighted in grey, together with the weather conditions (derived from the in-situ 443 
Kestrel weather station) during the UAV flight. 444 

The maps with input variables derived from LiDAR and multispectral UAV data for flight block ANBH1 445 

illustrate the highly heterogeneous landscape, with varying vegetation structures, slopes, and 446 

expositions, covering approximately 14 hectares (Figure 1B; Appendix D). 447 

The final GBM models predicting T13cm and T0cm achieved RMSE values of 2.00 °C and 2.06 °C, 448 

respectively (Table E1). Macroclimate temperature was the most influential predictor in both models, 449 

accounting for 73.89% of the relative influence for T13cm and 82.03% for T0cm. Global shortwave 450 

radiation was the second most important variable (19.80% for T13cm; 6.56% for T0cm). Model-specific 451 

differences emerged for the remaining predictors: vegetation height ranked third for T0cm (2.66%), 452 

whereas for T13cm, longwave downwelling radiation (3.38%) and wind speed (0.42%) exceeded the 453 

influence of vegetation height (0.37%). The relative contributions of the remaining variables are 454 

provided in the Supplementary Materials (Appendix E).455 
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 456 

Figure 4. The modelled microclimate temperature at 13cm (T13cm). Each column presents the output of a different model (left: Gradient Boosted Model, GBM; middle: full mechanistic model, microclimf; right: T13cm 457 
modelled from the land surface temperature derived with the thermal UAV data). Note the temperature range differs between the days, but is constant within a flight over the different models. Land cover classified 458 
as water is masked, as no reference data are available, and the thermal UAV approach also masks trees where the canopy height exceeds the reference height.  459 
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The microclimf model generally predicts lower temperatures compared to the other two approaches 460 

(Figure 4). Areas under trees are notably cooler in the microclimf outputs relative to the GBM 461 

predictions. The thermal UAV approach predicts higher temperatures with a wider range within the 462 

study area. Modeled surface temperatures are provided in the Supplementary Materials (Figure A2). 463 

3.2. Comparison for T13cm 464 

The differences (ΔT, equation (2)) between modelled T13cm and measured temperatures for each land 465 

cover and flight are shown in Figure 5. Negative ΔT values indicate underestimation of the modelled 466 

temperatures relative to the measured temperatures, while positive ΔT values indicate overestimation. 467 

On hot, sunny days, ΔT varies more than on overcast days. The microclimf model tends to 468 

underestimate T13cm, particularly for trees, while the thermal UAV approach generally overestimates 469 

T13cm in all habitat types. The land cover class Tree is absent in the thermal UAV analysis, as the canopy 470 

height exceeds the reference height used to derive T13cm from LST. Scatterplots of modelled vs. 471 

measured microclimate temperatures are available in the Supplementary Materials (0). 472 

 473 
Figure 5. The difference between the model output and the corresponding measured microclimate for T13cm for the different 474 
models for the different flight days and presented by land cover class. For each flight, the weather conditions are given. Note, 475 
the land cover “Tree” was not available for the thermal UAV approach as the CHM exceeded the height of the reference 476 
weather station. 477 
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In flight block ANBH1 (n = 30), across all land covers and flight days, the GBM model showed the lowest 478 

RMSE relative to the in situ logger measurements (2.22 °C), followed by the thermal UAV approach 479 

(3.37 °C) and microclimf (4.43 °C). The logger data are used here as a common reference for relative 480 

model comparison and are not interpreted as absolute ground truth (Section 2.5). 481 

The modelled microclimate temperature T13cm for 50 randomly selected points per land cover type 482 

shows a wide variation in T13cm (Figure G1). Trends are consistent with the ΔT patterns: the thermal 483 

UAV approach predicts the highest temperatures, while microclimf generally predicts lower values, 484 

especially for trees. Extreme maximum temperatures predicted by the thermal approach exceeded 60 485 

°C above moss during flight 2. 486 

3.3. Comparison for LST 487 

Differences between modelled output and measured land surface temperatures of the TMS-4 loggers 488 

(ΔT; equation (2)) could only be assessed for the land cover type Moss in area ANBH1. Discrepancies 489 

were generally larger than those observed for T13cm, with the greatest differences and variability 490 

occurring on hot, sunny days (> 20 °C; Figure G2). Accordingly, RMSE values were higher and R² values 491 

lower for all models predicting surface temperature compared to T13cm (Table G1). 492 

Thermal UAV-derived LST consistently exceeded the predictions from both the GBM and mechanistic 493 

microclimf models for Moss, reaching extreme values of nearly 70 °C (Figure 6). In addition, the UAV-494 

based approach exhibited greater variability, particularly over bare sandy areas. Under hot, sunny 495 

conditions with low wind speed and high direct solar radiation (flight 2), microclimf predicted higher 496 

LST for grass and heath than the other two approaches. In contrast, during the coldest and most 497 

overcast condition with the highest wind speed (flight 1; Table 1), microclimf predicted the lowest 498 

surface temperatures across all land cover types (Figure 6). For flight 3, microclimf produced an 499 

extreme surface temperature exceeding 50 °C for grass, which corresponded to spatial hotspots on the 500 

leeward side of trees in the model output (Figure 4). 501 
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 502 

 503 

Figure 6. The modelled microclimate land surface temperature (LST) for the different models for each flight day derived 504 
from 50 random points per land cover class. Note only land covers “Sand” and “Moss” are shown for the GBM model as they 505 
represent the comparable surface.   506 
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4. Discussion 507 

4.1. Comparison of UAV-based methods for microclimate modelling 508 

In this study, we compared three different UAV-based approaches for deriving microclimate 509 

temperature in an open heathland ecosystem: A gradient boosted model (GBM) trained temperature 510 

logger data, the mechanistic above- and below-canopy microclimate model, microclimf (Maclean, 511 

2026), and thermal UAV data (Metsu et al., 2026). As thermal UAVs only provide land surface 512 

temperature (LST), we additionally evaluated how UAV-derived LST can be converted to near-surface 513 

air temperature to allow comparison with in situ TMS-4 loggers (Figure 2). We focused on both LST 514 

and near-surface temperature at a fixed height of 13 cm above ground (T13cm). 515 

Overall, the mechanistic microclimf model tended to predict lower temperatures compared to the 516 

GBM, whereas the thermal UAV approach consistently produced higher values. However, this contrast 517 

requires nuance. Rather than referring to systematic deviations as “bias,” we quantified differences 518 

between model predictions and in situ measurements (ΔT) during four summer comparison periods in 519 

2024. This terminology acknowledges that the triple-shielded loggers may themselves overestimate 520 

air temperature due to radiative heating and reduced ventilation within the shield (Maclean et al., 521 

2021). Nevertheless, we assume that observed spatial and temporal variability exceeds the expected 522 

measurement error of the TOMST TMS-4 loggers. As expected, ΔT values for the GBM were centered 523 

around zero, given that the model was trained on the logger data. 524 

The GBM predicting T13cm achieved a high accuracy with an R² of 0.91 and an RMSE of 2.00 °C. Because 525 

we modelled absolute microclimate temperature rather than the temperature offset (Tmicro − Tmacro), 526 

the R² and RMSE values are not directly comparable to offset-based studies and are inherently higher, 527 

but remain in line with Haesen et al. (2021). The GBM predicting ground surface temperature (T0cm) 528 

was slightly less accurate, yet still explained 84.8% of the variance (Table E1). Incorporating high-529 

resolution soil moisture data may further improve predictive performance, given its buffering effect 530 

on microclimate temperatures (Greiser et al., 2024) and driving the efficiency of evapotranspirative 531 

cooling. 532 

Microclimf predominantly underestimated T13cm relative to the in situ measurements. This may partly 533 

reflect logger-related warming, but likely also stems from structural assumptions and parameter 534 

uncertainty within the model. We parameterized microclimf with site-specific adjustments such as leaf 535 

and soil reflectance derived from UAV-based multispectral measurements. However, the most 536 

influential predictor, plant area index (PAI), was estimated from NDVI. This could have resulted in overly 537 

dense canopy representations and excessive thermal buffering for shrubs and grasses. The model 538 
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further relies on vegetation traits such as leaf angle distribution, characteristic leaf dimensions, 539 

clumping, and stomatal conductance, which are difficult and time-consuming to quantify accurately at 540 

this scale. A similar underestimation pattern was reported by Kolstela et al. (2024) under forest 541 

conditions using the same logger type. Our RMSE for microclimf (~4.4 °C for T13cm) exceeds values 542 

reported in that study (≈3.5 °C for daily minima and maxima; ≈1.3 °C for daily means), and also those 543 

reported by MacLean (2026), with RMSE’s of 1.1 and 0.7 °C for grasslands in Spain and the UK. The 544 

higher RMSE in our case likely reflects both the limited comparison window and the strong 545 

heterogeneity of land-cover types in the study area. The short evaluation period included 546 

high-radiation conditions and wind speeds, limiting temporal averaging and amplifying systematic 547 

model deviations. In addition, the presence of multiple heterogeneous land-cover types increased 548 

sensitivity to vegetation parameterization in microclimf. This effect is most evident beneath trees 549 

(Figure 4 and Figure 5), where pixels were parameterized as evergreen needleleaf forest but in reality 550 

represented solitary or small tree patches, leading to substantial local underestimation. Conversely, 551 

wind-sheltered leeward areas showed local overestimation, producing extreme outliers when 552 

extracting random-point T13cm and LST values (Figure 4, Figure 6, Figure G1). Microclimf performed best 553 

under overcast and windy conditions (Flight 3), that reduced the logger bias due to the absence of 554 

direct sunlight and good air mixing. 555 

Thermal UAV–derived temperatures, both T13cm and LST, were consistently higher than logger 556 

measurements (Figure 4-Figure 6). Elevated LST over moss was expected, as mosses on inland sandy 557 

dunes typically have low water content, reducing evaporative cooling, and exhibit darker colors and 558 

relatively flat surfaces that enhance solar radiation absorption (Kim et al., 2025; Xiao and Bowker, 559 

2020). Because this approach directly retrieves UAV-based LST and was corrected following state-of-560 

the-art procedures (Metsu et al., 2026), it can be considered the most reliable for surface temperature 561 

estimation. In contrast, the T2 sensors of the TOMST TMS-4 loggers were in contact with the ground 562 

surface but north-facing, likely yielding systematically cooler readings than true LST. With an RMSE of 563 

~3.3 °C across the four comparison days, conversion of LST to T13cm generally produced values closer 564 

to the in situ measurements than microclimf. However, the land cover class tree could not be evaluated 565 

for the thermal UAV approach because the reference meteorological data were collected at a height 566 

lower than the tree canopy (Appendix F). Overestimation for grass and heather likely resulted from 567 

assumptions in ground temperature (TG) estimation: when TG is overestimated, vertical canopy 568 

temperature gradients are too weak, leading to inflated near-surface temperature predictions 569 

(Raupach, 1989a, 1989b). For moss, the LiDAR-derived canopy height model (CHM) values were 570 

frequently overestimated (7–8 cm versus ~1 cm actual height), distorting vertical temperature profiles; 571 

artificially constraining CHM to 0.01 m improved T13cm predictions (Figure I1). 572 
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Soil data were resampled from 10 m to 10 cm resolution, likely missing fine-scale heterogeneity 573 

relevant for microclimate in the GBM and microclimf approach. In this study, we did not include soil 574 

moisture measurements. Although soil-specific calibration for the TOMST loggers is available following 575 

Wild et al. (2019), soil-moisture measurements remain more uncertain in well-drained sandy soils. 576 

These soils are typically characterized by low moisture contents, rapid drainage, and strong small-scale 577 

variability, which reduce sensor sensitivity and limit the representativeness of point-based soil 578 

moisture measurements (Ferrarezi et al., 2020; Robinson et al., 2008; Vaz et al., 2013). 579 

4.2. Potential of UAV-derived variables for microclimate modelling 580 

In this study, near-surface air temperature at 13 cm was successfully derived from thermal UAV data, 581 

demonstrating the potential of high-resolution thermal remote sensing for microclimate research 582 

beyond the analysis of land surface temperature patterns alone. This case study represents a first step 583 

towards integrating corrected UAV-derived LST (Metsu et al., 2026) with mechanistic microclimate 584 

modelling frameworks such as microclimf (Maclean, 2026). 585 

Overall, the thermal UAV approach captured greater spatial heterogeneity and broader temperature 586 

ranges for both near-surface temperature and LST than the modelling approaches based on landscape 587 

metrics, vegetation parameters, or logger networks that do not resolve the full thermal range of the 588 

landscape. Thermal UAV data, therefore, represent a valuable addition to microclimate research, for 589 

example, for identifying landscape-scale hot and cold spots in the search for microrefugia (Hoffrén and 590 

García, 2023) or for assessing bark beetle impacts on forest canopy and understory temperatures 591 

(Greiser et al., 2025). 592 

Despite the high spatial resolution and capacity to resolve fine-scale thermal heterogeneity, a key 593 

limitation of thermal UAV data remains its low temporal resolution. Alujević et al. (2025) addressed 594 

this constraint by developing the throne package, which links high-resolution thermal imagery with 595 

temporally dense in situ logger networks to generate continuous thermal landscapes throughout the 596 

measurement period. We evaluated this approach using the four UAV flight days available in our study 597 

(Supplementary Materials Appendix J). Although the limited number of thermal acquisitions precluded 598 

a robust statistical relationship between imagery and logger data, spatial patterns of relatively warmer 599 

and cooler areas were consistently reproduced. This framework, therefore, offers a promising pathway 600 

for temporally interpolating high-resolution land surface temperature maps, and by extension near-601 

ground air temperatures derived from them, across time. 602 

Both the microclimf model and the conversion of UAV-derived LST to near-surface temperature (T13cm) 603 

strongly depend on estimates of PAI (Maclean, 2026). In this study, PAI was derived using a simple 604 
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transformation between NDVI and PAI developed for shrubby tundra ecosystems (Juutinen et al., 605 

2017). Although numerous studies have established robust relationships between satellite-derived 606 

NDVI and leaf or plant area index, the direct application of these relationships at very high spatial 607 

resolutions does not necessarily capture local vegetation structure accurately (Liu et al., 2025; Tian et 608 

al., 2025). While the resulting PAI values were broadly comparable to those used in microclimf, careful 609 

interpretation remains essential. Collecting reliable reference data for PAI at fine spatial scales is 610 

challenging, yet further validation of NDVI–PAI relationships for high-resolution UAV data is required 611 

to increase confidence in these estimates. 612 

An alternative approach for deriving PAI is based on LiDAR data, for example using the ALS2PAD 613 

software where the number and intensity of LiDAR returns are related to vegetation density (Arnqvist 614 

et al., 2020). While this method has proven effective in forest and agricultural environments, its 615 

applicability in dense shrub systems at very high spatial resolutions is yet to be assessed (Kolstela et 616 

al., 2024; Wang et al., 2023; Yu et al., 2023). The accuracy of such an approach is also highly dependent 617 

on point cloud density (Watt et al., 2014). During our LiDAR processing, several heather-dominated 618 

areas lacked ground-classified points, indicating incomplete canopy penetration. This limitation 619 

highlights the difficulty of retrieving accurate PAI estimates in dense shrub and grassland ecosystems 620 

using our current LiDAR configuration. 621 

Limited LiDAR penetration in dense shrub patches also affects the canopy height model (CHM) used in 622 

the analyses. When the laser signal does not fully reach the ground surface, canopy height can be 623 

underestimated. This issue is particularly relevant at very high spatial resolutions when trying to 624 

capture small-scale structural variability compared to studies using coarser-resolution airborne LiDAR 625 

data. Moreover, even small absolute errors in CHMs, on the order of a few centimeters, can 626 

substantially affect near-surface temperature estimates in open ecosystems, whereas similar errors 627 

are negligible in forest systems. In moss-dominated areas, for example, canopy height can easily be 628 

overestimated due to the presence of isolated grass stems, sensor inaccuracy and processing 629 

algorithms, resulting in inflated height estimates relative to the 13 cm level of interest, substantially 630 

influencing the derived vertical temperature profiles (Figure I1). 631 

Working with high-resolution UAV data introduces an additional challenge related to the spatial 632 

alignment of multiple geospatial layers. Despite the use of real-time kinematic corrections and 633 

permanently installed ground control points, precise co-registration of UAV products from different 634 

sensors and flight dates remains difficult. The effect of misalignments becomes particularly evident at 635 

sharp thermal and structural gradients, such as transitions between dense heather shrubs and hot 636 

moss or bare soil patches. Even small positional offsets of a few pixels can substantially affect 637 
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temperature estimates. For instance, when a high LST value from a dry moss pixel is combined with a 638 

neighboring shrub CHM that exceeds the height of interest, the resulting temperature profile may be 639 

strongly distorted. This effect is visible in the spatial T13cm maps derived from LST, where elevated values 640 

occur adjacent to shrub patches (Figure 4). When integrating multiple UAV-derived datasets at very 641 

high spatial resolutions, it is therefore essential to carefully consider potential spatial mismatches, 642 

particularly when these exceed the ground sampling distance of the data. 643 

4.3. Insights in microclimate conditions in open ecosystems 644 

Microclimate temperatures measured with the TOMST loggers exhibited pronounced temporal and 645 

spatial variation. Daily maximum and minimum T13cm were consistently higher and lower, respectively, 646 

than macroclimate temperatures (Figure 3), resulting in larger diurnal ranges across all land covers. 647 

This contrast was most pronounced in open areas such as moss-covered sandy soils, where full 648 

exposure to direct solar radiation led to near-surface temperatures up to 10 °C warmer than those 649 

recorded at the weather station during hot summer days (Figure H1). Even in locations not receiving 650 

direct sunlight (e.g., beneath solitary trees or within heather shrubs), mean daily maximum 651 

temperature offsets exceeded 5 °C. Although solitary trees provide substantial buffering closer to their 652 

canopies, they do not generate the same buffering capacity as closed forest canopies near the ground 653 

surface (Haesen et al., 2021; Van den Bossche et al., 2025). Under stable atmospheric conditions (low 654 

wind speed) and high incoming shortwave radiation, near-surface microclimate temperatures beneath 655 

solitary trees and dense grasses was occasionally lower compared to the macroclimate, likely due to 656 

limited turbulent mixing (Flight 2, Figure H2). At night, minimum microclimate temperatures were 657 

consistently lower than macroclimate temperatures (Figure 3). Under clear night skies and stable 658 

conditions, enhanced radiative cooling can rapidly decrease near-surface temperatures (Sun et al., 659 

2017), resulting in nocturnal minima more than 5 °C below macroclimate values. 660 

For heathland, maximum T13cm measured by in situ loggers and derived from the thermal UAV 661 

approach were generally higher than in adjacent grassland patches (Figure 3; Figure G1). Two 662 

mechanisms likely contribute to this pattern: (1) the spatially heterogeneous structure of heathland, 663 

where variation in heather age produces a mosaic of vegetation structures and openness with differing 664 

levels of radiative penetration, and (2) the shallow rooting system of Calluna vulgaris, which limits 665 

water uptake compared to Molinia caerulea, whose roots can exceed 1 m depth and facilitate stronger 666 

transpirative cooling in grassland patches (Genney et al., 2002; Jacquemyn et al., 2005). This 667 

mechanism is consistent with slightly higher canopy surface temperatures observed for heather shrubs 668 

relative to grasses on sunny days in the thermal UAV data (Figure 6). 669 
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The highly heterogeneous landscape structure generated temperature differences of several degrees 670 

over distances of only a few meters for T13cm (Figure 4), and differences of several tens of degrees for 671 

land surface temperature (Figure A2). This pattern aligns with previously reported high thermal 672 

variability in open systems compared to forested environments at high latitudes (Aalto et al., 2022). 673 

Variable importance analyses (Figures Figure E3, Figure E4) showed that, after macroclimate 674 

temperature, incoming global radiation was the most influential predictor. This aligns with Aalto et al., 675 

(2022), who identified topographic solar radiation as a key factor in tundra microclimate. The canopy 676 

height model (CHM) was the strongest vegetation-related predictor for both ground surface 677 

temperature (T0cm) and near-surface temperature (T13cm), reflecting its influence on shading, vegetation 678 

structure, and wind patterns. For near-surface temperature, wind speed also contributed substantially, 679 

consistent with enhanced turbulent mixing under higher wind conditions. Solar altitude influenced 680 

ground surface temperatures by regulating the angle of incidence and capturing the diurnal radiation 681 

cycle, with peak inputs around solar noon. North- and east-facing slopes were generally cooler, as 682 

reflected in the predicted GBM maps (Figure 4). At the spatial resolution of this study, the topographic 683 

position index (TPI) had limited influence, suggesting that cold-air pooling effects or moisture 684 

accumulation were not strongly expressed at this scale. 685 

5. Conclusion 686 

Open heathland ecosystems exhibit meter-scale thermal mosaics that standard weather stations 687 

cannot resolve. By comparing three UAV-based modelling approaches: a correlative GBM, the 688 

mechanistic model microclimf, and thermal UAV observations with physically-based conversion of land 689 

surface temperature to near-surface air temperature, we show that each approach captures 690 

complementary aspects of microclimate. GBM excels in accuracy relative to dense logger networks, 691 

microclimf provides physically interpretable profiles but is sensitive to parameterization, and thermal 692 

UAVs uniquely reveal extremes and sharp transitions with ecological significance. 693 

Across four flights spanning clear and overcast conditions, GBM yielded the lowest T13 cm error 694 

(RMSE = 2.22 °C), while LST‑based products resolved the broadest spatial ranges and detected 695 

extreme heating over dry moss (> 60 °C). Microclimf generally predicted cooler values, especially 696 

beneath trees, reflecting structural assumptions and input uncertainty. These systematic differences 697 

are explainable by physics, parameter sensitivities, and sub‑decimeter co‑registration at canopy–698 

ground boundaries.  699 

We present a workflow for integrating corrected UAV thermal data into microclimate modelling, 700 

demonstrating that surface measurements can be converted to ecologically relevant air temperatures 701 
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and directly compared with in situ observations. This approach enables integrated monitoring in open 702 

ecosystems, where thermal data capture fine-scale variability and can serve as input for mechanistic 703 

approaches. 704 

Future work should prioritize thermocouple-based validation under high-radiation conditions, refined 705 

retrievals of PAI and canopy height in shrubs and grasses, and temporal upscaling to link sparse UAV 706 

flights with continuous logger networks or the microclimf framework. Together, these steps will 707 

produce operational, high-resolution microclimate products that better represent the conditions 708 

organisms actually experience in open ecosystems. 709 
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Appendix A. General Additional Information 1063 

  

Figure A1. Schematic view (left) and picture in the field (right) of a TOMST TMS-4 logger. The TOMST TMS-4 loggers were 1064 
placed in the field, covered by a chromed steel shopping basket to protect them against grazers. The sensors were placed with 1065 
the middle temperature sensor (T2) facing north and making contact with the ground. Left image inspired by Wild et al. 1066 
(2019). 1067 

 1068 

Table A1. The different bands available on the Micasense Altum-PT together with their central wavelength and bandwidth. 1069 
Values taken from (Micasense Website), more sensor-specific information is available there as well.  1070 

Band name Central wavelength Bandwidth 

Blue 475 nm 32 nm 

Green 560 nm 27 nm 

Red 668 nm 16 nm 

Red-Edge 717 nm 12 nm 

Near Infrared 842 nm 57 nm 

Panchromatic band 634.5 nm 463 nm 

Thermal Infra-red 10.5 μm 6 μm 

1071 

 
 
 
  
  
  
  
 

                

                  

  

  

  

  
  

  
  

https://support.micasense.com/hc/en-us/articles/214878778-What-is-the-center-wavelength-and-bandwidth-of-each-filter-for-MicaSense-sensors


40 
 

 1072 
Figure A2. The modelled microclimate temperature at (ground)surface temperature. Each column presents the output of a different model (left: Gradient Boosted Model (T at 0 cm), GBM; middle: full mechanistic 1073 
model, microclimf; right: land surface temperature derived with the Thermal UAV data). Note the temperature range differs between the days, but is constant within a flight over the different models. 1074 
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Table A2. Conversion table from land cover classes to microclimf’s habitat types. As the grasslands were dominated by 1075 
Molinia caerulea, we chose tall grassland. Note the solitary/patches of trees are classified as forest. 1076 

Original land cover Microclimf’s habitat type 

Grass Tall grassland 

Heath Open shrubland 

Moss Barren or sparsely vegetated 

Bare sandy soil Barren or sparsely vegetated 

Trees Evergreen needleleaf forest  

Water Permanent wetland 

  1077 
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Appendix B. Results Land Cover Classifications 1078 

The landcover classification map was created using the reflectance values of the multispectral (MSP) 1079 

data (blue, green red, red-edge, and NIR), the normalized difference vegetation index (NDVI), and the 1080 

canopy height model (CHM). A random forest model was trained and tuned using the ranger package 1081 

(Wright and Ziegler, 2017) and the caret package (Kuhn, 2008b). The final model consisted of 500 trees, 1082 

an mtry of 4, min.node.size of 3 and Gini as split rule. The overall accuracy was 94.6 % and the Kappa 1083 

was 92.7 %. The confusion matrix is presented in Table B1, and the accuracy metrics per class are 1084 

summarized in Table B2. An example of the land cover class over the flight block “ANBH1” is presented 1085 

in Figure B1. 1086 

Table B1. The confusion matrix for the land cover classification used for the GBM model training. The rows represent the 1087 
ground truth, the columns the predicted values.  1088 

Predicted 
TRUE 

Heath Sand Tree Grass Water Moss 

Heath 85002 47 9 6043 92 890 

Sand 172 12895 7 288 6 151 

Tree 120 0 35609 297 6 10 

Grass 4521 96 13 100034 6 605 

Water 279 15 0 136 30987 2 

Moss 1187 109 0 634 1 10499 

 1089 

Table B2. Summary of the accuracy metrics per class. 1090 

 Heath Sand Tree Grass Water Moss 

Sensitivity 0.9312 0.97971 0.9992 0.9311 0.9964 0.86362 

Specificity 0.9645 0.99775 0.9983 0.9714 0.9983 0.99307 

Pos Pred Value 0.9231 0.95384 0.9880 0.9502 0.9863 0.84465 

Neg Pred Value 0.9684 0.99904 0.9999 0.9601 0.9996 0.99404 

Precision 0.9231 0.995384 0.9880 0.9502 0.9863 0.84465 

Recall 0.9312 0.97971 0.9992 0.9311 0.9964 0.86362 

F1 0.9271 0.96661 0.9936 0.9406 0.9913 0.85403 

Prevalence 0.3139 0.04527 0.1226 0.3695 0.1070 0.04181 

Detection Rate 0.2923 0.04435 0.1225 0.3440 0.1066 0.03611 

Detection Prevalence 0.3167 0.04649 0.1240 0.3621 0.1081 0.04275 

Balanced Accuracy 0.9479 0.98873 0.9987 0.9513 0.9974 0.92834 

 1091 

Each thermal flight was accompanied with MSP data for co-registration and emissivity correction. In 1092 

this study we performed spatial emissivity correction based on land cover type and thus made land 1093 

cover maps for each corresponding thermal flight. The accuracies can be found in Table B3. 1094 
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Table B3. Summary of the accuracy metrics for the LC maps corresponding with the four thermal flights. 1095 

  Heath Sand Tree Grass Water Moss 

Flight 1 : 2024-06-13 

Overall Accuracy  0.9656       

Kappa 0.9566       

Precision  0.9573 0.95370 0.99035 0.9508 0.9997 0.93470 

Recall  0.9564 0.97658 0.99716 0.9614 0.9998 0.88817 

F1  0.9569 0.96501 0.99374 0.9561 0.9997 0.91084 

Flight 2 : 2024-06-26 

Overall Accuracy  0.9659       

Kappa 0.9571       

Precision  0.9426 0.97426 0.99145 0.9522 0.9995 0.95775 

Recall  0.9501 0.98399 0.99685 0.9576 0.9997 0.91262 

F1  0.9464 0.97910 0.99414 0.9549 0.9996 0.93464 

Flight 3 : 2024-07-25 

Overall Accuracy  0.9680       

Kappa 0.9596       

Precision  0.9549 0.93911 0.99168 0.9589 0.9999 0.95190 

Recall  0.9591 0.97152 0.99655 0.9616 0.9999 0.90821 

F1  0.9570 0.95504 0.99411 0.9603 0.9999 0.92954 

Flight 4 : 2024-08-06 

Overall Accuracy  0.9654       

Kappa 0.9564       

Precision  0.9416 0.97539 0.99142 0.9485 0.9998 0.9636 

Recall  0.9477 0.98635 0.99701 0.9547 0.9998 0.9191 

F1  0.9446 0.98084 0.99421 0.9516 0.9998 0.9408 

1096 
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Figure B1. Land cover classes for each flight. Spatial representation of the different landcover classes for each flight. Note the water level changes throughout the season. 1097 
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Appendix C. Processing Thermal UAV data 1098 

The ThermalCapture 2.0 camera provides raw data as .TMC file containing thermal images captured at 1099 

8 Hz. To convert these images to tiff files, we used TeAx’ ThermoViewer 3.0.10 (TeAx Technology, 2020). 1100 

The corresponding metadata was exported as a single .csv file. As the ThermalCapture provided us 1101 

with at-sensor temperatures, we still need to do the necessary corrections to obtain Land Surface 1102 

Temperature (LST). We used the theRmalUAV R package (Metsu et al., 2026) to streamline these 1103 

corrections. Here we adopted the image-based workflow to be able to account for variations 1104 

throughout the flight.  1105 

First a ThermalUAV object was created using the metadata exported from ThermoViewer. The amount 1106 

of thermal images was reduced by setting a minimal overlap of 90 %. Second, the background 1107 

temperature was retrieved by calculating the brightness temperature of the crumpled aluminium foil 1108 

panels. Thrid, the atmospheric correction was performed using the weather data retrieved with the 1109 

portable weather station Kestrel 5500L using the data.frame option in tuav_correct(). We set the 1110 

emissivity to 1 to obtain the atmospherically corrected brightness temperatures. Finally, we accounted 1111 

for the effect of air temperature on LST (Maes et al., 2017) by using tuav_smooth() in “T_air” option.  1112 

In order to optimize the location accuracy of the ThermalCapture through co-registration, we first 1113 

processed the accompanying MSP data in the same way as described in Section 2.3.3. Hereafter, the 1114 

estimated camera locations of the MSP were exported from Agisoft Metashape as a csv-file. The 1115 

thermal cameras were then co-reigtered using the theRmalUAV package with an offset of 46, -103, and 1116 

20 mm in respectively the X, Y, Z plane. The corrected tif files containing brightness temperatures and 1117 

accurate location information where then exported and stitched in Agisoft Metashape using default 1118 

values, resulting in a brightness temperature orthomosiac.  1119 

Finally, in order to retrieve the LST, the spatial emissivity correction was performed. The surfaces 1120 

present in our landscape exhibit different surface properties, so we cannot just assume a uniform 1121 

emissivity. We spatially accounted for emissivity based on land cover type. Therefore, we created a 1122 

landcover map based on the corresponding MSP data of the thermal flights, in the same way as 1123 

described in Section 2.3.3. As the water level fluctuated throughout the season and the flights were 1124 

conducted under varying illumination, we generated a LC maps for each flight, based on the reference 1125 

polygons in flight block “ANBH1”. The accuracy of each map can be found in Supplementary Materials, 1126 

0. For each land cover type the emissivity was derived from Rubio, Caselles and Badenas (1997) and 1127 

presented Table C1. After the spatial emissivity correction, the final corrected land surface 1128 

temperature maps were returned. 1129 

Table C1. Land cover types with their corresponding emissivity values. 1130 

Label Land cover Emissivity 

1 Heath 0.984 

2 Sand 0.914 

3 Tree 0.983 

4 Grass 0.984 

5 Water 0.991 

6 (Dry) Moss 0.962 

1131 
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Appendix D. Input variable overview 1132 

In this study we use many input variables either spatial or tabular. These variables are used to train the model, correct certain properties or to predict the 1133 

microclimate temperature. Here we present an overview table with all the variables together with if and how they are used in each model. 1134 

Table D1. Overview of the input variables used by the different modelling approaches. The variables are grouped in a) spatially explicit variables, derived by the unoccupied aerial vehicles (UAV) 1135 
or nationally available data, and b) temporally explicit variables, derived from either the automatic weather station (AWS) or by the Kestrel 5500L environmental meter in the field. 1136 

Variable Unit Description GBM Microclimf Thermal UAV 

Spatially explicit data derived from unoccupied aerial vehicles (UAV) at 10 cm resolution 

DTM m Digital terrain model, the elevation of the terrain above sea level. Derived 
from LiDAR data at 10 cm resolution 

Used to train and predict Used as input for terrain variable / 

CHM m Canopy height model, the vegetation height derived through subtracting the 
DTM from the digital surface model DSM (both derived from LiDAR) at 10 cm 
resolution. 

Used to train and predict Used as input for canopy height Used as canopy height to convert 
LST to Tz 

East [-1,1] Eastness, calculated as sine of the aspect in radians, which in turn was 
calculate from DTM using terra (Hijmans, 2022), at 10 cm resolution 

Used to train and predict / / 

North [-1,1] Northness, calculated as cosine of the aspect in radians, which in turn was 
calculate from DTM using terra (Hijmans, 2022), at 10 cm resolution 

Used to train and predict / / 

Slope ° Measure of steepness, calculated from DTM using terra (Hijmans, 2022) at 10 
cm resolution 

Used to train and predict / / 

TPI m Topographic position index, a measure of relative topography, calculated 
using MultscaleDTM (Ilich et al., 2023) with a kernel of 10 x 10 m at 10 cm 
resolution 

Used to train and predict / / 

Rough / Roughness, Vector Ruggedness Measure (VRM, Ilich et al., 2023) calculated 
from DSM with a 3 x 3 m kernel, at 10 cm resolution 

Used to train and predict / / 

LC / Land Cover, a land cover classification map, made using trained and tuned 
RandomForest model (Wright and Ziegler, 2017). Available classes are: Heath, 
Sand, Tree, Grass, Water, and Moss. 10 cm resolution (0) 

LC map from 19/09/2026 was 
used to train, the LC maps from 
the thermal flight days were used 
to predict 

LC maps from  the thermal flight 
days were reclassified and used in 
vegfromhab() function (Maclean, 
2026) to retrieve vegetation 
parameters 

LC maps from  the thermal flight 
days were used for spatial 
emissivity correction in the 
theRmalUAV package (Metsu et 
al., 2026) 

NDVI [-1,1] Normalized Difference Vegetation Index [-1,1] as proxy for greenness and 
plant density 

NDVI map from 19/09/2026 was 
used to train, the NDVI maps from 
the thermal flight days were used 
to predict 

NDVI maps from  the thermal 
flight days were used to estimate 
plant area index 

NDVI maps from the thermal 
flight days were used to estimate 
plant area index in the conversion 
to Tz 
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Variable Unit Description GBM Microclimf Thermal UAV 

Spatial explicit data derived from national geo service 

Sand % Sand soil fraction at 10 m resolution from Databank Ondergrond Vlaanderen Used to train and predict Used to derive input soil type / 

Silt % Silt soil fraction at 10 m resolution from Databank Ondergrond Vlaanderen Used to train and predict Used to derive input soil type / 

Clay % Clay soil fraction at 10 m resolution from Databank Ondergrond Vlaanderen Used to train and predict Used to derive input soil type / 

Temporal weather information  

Macro_T °C The hourly aggregated macroclimate free air temperature at 2 m height, 
measured by a nearby automatic weather station (AWS) at 10 min intervals 
hosted by the royal meteorological institute (KMI), one value for the study 
area 

Used to train and predict Used as input climate dataframe Air temperature from the Kestrel 
meter was used to correct the 
thermal data and in the 
conversion to Tz 

wind_s m/s The hourly aggregated wind speed, measured by the AWS at 10 min intervals, 
one value for the study area 

Used to train and predict Used as input climate dataframe Wind speed measured with 
Kestrel meter was used in the 
conversion to Tz 

wind_dir ° The hourly aggregated wind direction, measured by the AWS at 10 min 
intervals, one value for the study area 

/ Used as input climate dataframe / 

rel_hum % The hourly aggregated relative humidity, measured by the AWS at 10 min 
intervals, one value for the study area 

Used to train and predict Used as input climate dataframe Relative humidity from the Kestrel 
meter was used to correct the 
thermal data and in the 
conversion to Tz 

Pressure Pa The hourly aggregated atmospheric pressure, measured by the AWS at 10 min 
intervals, one value for the study area 

/ Used as input climate dataframe Atmospheric Pressure measured 
with Kestrel meter was used in 
the conversion to Tz 

glob_rad W/m2 The hourly aggregated global shortwave downwelling radiation, measured by 
the AWS at 10 min intervals, one value for the study area 

Used to train and predict Used as input climate dataframe, 
and used to calculate diffuse 
radiation 

/ 

Lw_down W/m2 The hourly aggregated longwave downwelling radiation, measured by the 
AWS at 10 min intervals, one value for the study area 

Used to train and predict Used as input climate dataframe / 

Precip mm The hourly precipitation, measured by the AWS, one value for the study area / Used as input climate dataframe / 

Precip_48 mm The total accumulated precipitation from the last 48 hours, calculated from 
the precipitation derived from the AWS, one value for the study area  

Used to train and predict / / 

Alt ° Solar altitude, calculated using the microctools package (Maclean, 2025) with 
date, latitude and longitude. 

Used to train and predict / / 

Azi ° Solar azimuth, calculated using the microctools package (Maclean, 2025) with 
date, latitude and longitude. 

Used to train and predict / / 

1137 



48 
 

The maps with input variables derived from LiDAR and multispectral UAV data for flight block ANBH1 illustrate the highly heterogeneous landscape, with varying vegetation 1138 

structures, slopes, and expositions, covering an area of approximately 14 hectares (Figure D1) 1139 

   

   

  

Figure D1. Spatial variation in environmental variables across 
ANBH1, the focus area for the comparison. All variables are derived 
from flights performed with an unoccupied aerial vehicle, either 
equipped with a LiDAR system or multispectral camera. (A) an RGB-
composite; (B) land cover map; (C) normalized difference vegetation 
index – NDVI; (D) Canopy height model – CHM – as measure for 
vegetation height (m), note the scale is set to a maximum of 2 
meters, to show the variation in shrubs, the trees are higher than 2 
meters; (E) Digital terrain model – DTM (m); (F) Slope (°); (G) 
Northness as cosine of the aspect; (H) Eastness as sine of the aspect; 
(I) Topographic position index – TPI – as measure for relative 
position (m); and (J) the vector ruggedness measure (calculated on 
the digital surface model) to quantify the roughness of the 
landscape. 

  

1140 
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Appendix E. Training and tuning the GBM 1141 

The gradient boosted model (gbm) used in the correlative approach was trained and tuned using the 1142 

packages caret (Kuhn, 2008b) and gbm (Ridgeway and GBM Developers, 2024) in R 4.3.1 (R Core Team, 1143 

2023). The eventual model had the following structure:  1144 

Micro_T ~  DTM + CHM + East + North + Slope + TPI + Rough + LC + NDVI + Sand + Silt + Clay + Macro_T 1145 

+ wind_s + rel_hum + glob_rad + alt + azi + precip_48 + Lw_down 1146 

With Micro_T the microclimate temperature (°C) at 0 cm (T2) and 13 cm (T3).  1147 

The input variables varying over the spatial scale are (Table D1): the elevation above sea level as the 1148 

digital terrain model (DTM; m), the canopy height model (CHM; m), the northness (North) and eastness 1149 

(East) as respectively the cosine and sine of the aspect, the Slope in degrees, the topographic position 1150 

index (TPI; m) as relative position in a 10m x 10m window, the surface roughness (rough) in a 3m x 3m 1151 

window give as the vector ruggedness measure, the land cover class (LC; 0), the normalized difference 1152 

vegetation index (NDVI) as measure for plant density and greenness, and the Sand, Silt and Clay 1153 

content in percentages.  1154 

The input variables varying over the temporal scale are (Table D1): the macroclimate temperature 1155 

(Macro_T; °C), wind speed (wind_s; m/s), relative humidity (rel_hum; %), global shortwave radiation 1156 

(glob_rad; W/m2), solar altitude and azimuth (resp. alt, azi; °), the accumulative precipitation in the 1157 

last 48 hours (precip_48; mm) and the downwelling longwave radiation (Lw_down; W/m2). 1158 

Different hyperparameter combinations were modelled to check which set gave the most accurate 1159 

results. As we wanted to keep relatively shallow trees the shrinkage (learning rate) was set to 0.01. 1160 

The tuning grid was thus set as follows: shrinkage: 0.01, interaction.depth: 2,3,4, n.trees: 5000:10000 1161 

in steps of 500, and n.minobsinnode: 8,10,12. Here, shrinkage or learning rate represents the relative 1162 

contribution of each tree; interaction.depth the number of splits/levels in each tree (here again not 1163 

too deep to avoid overfitting and capturing the main effects); n.trees the number of trees; and 1164 

n.minobsinnode, the minimum number of observations in each leaf.   1165 

The models were assessed based on three accuracy metrics: mean absolute error (MAE), root mean 1166 

squared error (RMSE) and the coefficient of determination (R2). The final hyperparameter sets for T2 1167 

and T3 together with the accuracy metrics are presented in Table E1. 1168 

Table E1. Overview of the final hyperparameter set together with the accuracy metrics for the temperature at ground surface 1169 
(T0cm, TMS-4 T2 sensor) and the near surface air temperature at 13 cm (T13cm, TMS-4 T3 sensor). 1170 

 T0cm T13cm 

Hyperparameter   

Shrinkage 0.01 0.01 

Interation.depth 2 2 

n.trees 10000 10000 

n.minobsinnode 12 12 

Accuracy Metric   

MAE 1.411 1.286 

RMSE 2.057 1.996 

R2 0.848 0.908 
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The accuracy metrics for all hyperparameter combinations are presented in Figure E1 and Figure E2. 1171 

Note that the proposed final model (the one with the highest accuracy) is different from the one used 1172 

in the study. As one can notice, the differences in accuracy are marginal. To avoid overfitting, and since 1173 

the models with interaction depth equal to two are already stabilizing around 10.000 trees, we went 1174 

with an interaction depth of 2 for the final model in the study. 1175 

 1176 

Figure E1. Accuracy metrics for the different hyperparameter combinations for T2. The Mean Absolute Error (MAE), Root 1177 
Mean Squared Error (RMSE) and the coefficient of determination (R2) are given for all the hyperparameter sets. Note the 1178 
proposed final model here is the one with the highest accuracy based on R2 and is different from the one used in the study. 1179 

 1180 

Figure E2. Accuracy metrics for the different hyperparameter combinations for T3. The Mean Absolute Error (MAE), Root 1181 
Mean Squared Error (RMSE) and the coefficient of determination (R2) are given for all the hyperparameter sets. Note the 1182 
proposed final model here is the one with the highest accuracy based on R2 and is different from the one used in the study. 1183 
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 1184 

Figure E3. The variable importance of the different input variables for the gradient boosted models (GBMs) for the 1185 
microclimate at the ground surface (TMS-4 T2, T0). Note the x-axis has a break to also provide information on the lower-1186 
influence variables. 1187 

 1188 

Figure E4. The variable importance of the different input variables for the gradient boosted models (GBMs) for the 1189 
microclimate at 13 cm height (TMS-4 T3, T13cm). Note the x-axis has a break to also provide information on the lower-influence 1190 
variables.1191 
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 1192 

 1193 

   

   

   

 

Figure E5. The different spatial folds created to perform the 10 fold cross validation. This serves 
as visual inspection that the validation folds are not clustered outside the main environmental 
range covered by the training set. The logger ID’s are presented as label. The training set per fold 
is given in blue and the validation set in red.  

 

1194 
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Appendix F. Converting LST into temperature at 13 cm 1195 

Thermal data acquired with an unoccupied aerial vehicle (UAV), provide us with information on the 1196 

land surface temperature (LST). LST is a highly valuable parameter to look at microclimate, especially 1197 

to uncover spatial heterogeneity. However, in some cases, microclimate research focusses on near 1198 

surface temperatures. Hence, a one on one comparison of LST with near surface temperatures 1199 

measured with in situ loggers is not straightforward. Here, we outline a way to convert the LST to the 1200 

air temperature at height z (Tz). Through this way we want to highlight an interesting avenue of the 1201 

potential of thermal UAV data in microclimate research. This conversion is twofold, depending on the 1202 

desired height (z) of Tz and the canopy height of the plants: 1203 

1. Tz is above the canopy/ground surface 1204 

2. Tz is below the canopy/vegetation surface 1205 

Thus, the vegetation structure will depict which workflow to follow for that specific area/pixel. If the 1206 

desired near surface temperature is above bare soil or mosses, we should apply the above canopy 1207 

model. On the other hand, where shrubs or grasses are higher compared to the desired height, we 1208 

should follow the second approach. We mostly follow the formulae and approaches used in the 1209 

microclimf model (Maclean, 2026), for modelling and solving the radiation budgets and modelling Tz 1210 

above and below canopy, with some adjustments to incorporate LST as the top of canopy leaf 1211 

temperature.  1212 

1. Tz Above canopy/surface 1213 

In this first case we outline the method to derive temperature at a certain height above the canopy. To 1214 

model this we used the standard Monin-Obukhov Similarity Theory (MOST, (Foken, 2006; Monin and 1215 

Obukhov, 1954)) in order to work with the energy balance of a vegetated surface. Important, we 1216 

assume a vegetated surface, e.g. a small layer of moss, grasses or small shrubs. Above the canopy, 1217 

wind profiles are responsible for the heat and vapor exchange between the canopy and the air above. 1218 

Here we are interested in near surface temperatures and assume the temperature of the canopy to be 1219 

known as the land surface temperature measured by the thermal camera on the unoccupied aerial 1220 

vehicle (UAV). The surface with known temperature exchanges heat with the air layer above through 1221 

eddy diffusion. The key is now to solve the near surface air temperature, given the surface temperature 1222 

and weather conditions at a reference height (in our case, measured at 1.5m height with the Kestrel 1223 

5500L environmental meter).  1224 

Tz (°C) at any given height z (m, above the canopy, can be derived from the canopy temperature (TC, 1225 

°C) and a reference temperature TA (°C) at height zR (m) through the following equation (Maclean, 1226 

2026): 1227 

𝑇𝑧 = 𝑇𝐴 + (𝑇𝐶 − 𝑇𝐴)(1 +
ln
𝑧 − 𝑑
𝑧𝐻

ln
𝑧𝑅 − 𝑑
𝑧𝐻

) 1228 

with d the zero plane displacement length (m), a measure representing the height within the canopy 1229 

where the windspeed approximates zero. ZH is the roughness length for heat. The zero plane 1230 

displacement length can be calculated using the total plant area index (Pai, m2/m2) and the canopy 1231 

height h (m): 1232 
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𝑑 = ℎ
1 − (1 − exp(−√7.5 𝑃𝑎𝑖)

√7.5 𝑃𝑎𝑖
 1233 

The only unknown still in the equation is now the roughness length for heat zH with 𝑧𝐻 =  0.2 ∗ 𝑧𝑀, 1234 

the roughness length for momentum (Campbell and Norman, 1998). The roughness length for 1235 

momentum is given by: 1236 

𝑧𝑀 = (ℎ − 𝑑) exp (
−𝜅

𝛽
− 𝜓𝐻(𝑧𝑅)) 1237 

Where h is the canopy height (m), d is the zero plane displacement length (m), 𝜅 is the Von Karman 1238 

constant (0.4), 𝛽 given by √0.003 + 0.1 𝑃𝑎𝑖 and 𝜓𝐻 the diabatic correction factor for heat. This 1239 

diabatic correction takes turbulence created by strongly heated or cooled surfaces into account.  1240 

According to Harman and Finnigan, (2008) the diabatic correction factor for heat and momentum are 1241 

given by: 1242 

𝜓𝑀(𝑧) = 𝜓𝑀
𝑧𝑀
𝐿𝑜
− 𝜓𝑀

𝑧 − 𝑑

𝐿𝑜
 1243 

𝜓𝐻(𝑧) = 𝜓𝐻
𝑧𝐻
𝐿𝑜
− 𝜓𝐻

𝑧 − 𝑑

𝐿𝑜
 1244 

Where 𝐿𝑜 is the Obukhov length given by: 1245 

𝐿𝑜 =  −
𝜌̃𝑐𝑝𝑢∗

3𝑇̅

𝜅𝑔𝐻
 1246 

𝜌̃ is the molar density of air (mol m-3) and 𝑐𝑝 represents the heath capacity at constant pressure, 𝑢∗ is 1247 

the friction velocity, 𝑇̅ the average temperature of the wind profile in Kelvin (here assumed to be equal 1248 

to TA), 𝑔 is the gravitational constant (9.81 m/s2) and 𝐻 is the sensible heat flux (W m-2). The friction 1249 

velocity and sensible heat flux can then again be calculated using the following equations: 1250 

𝑢∗ =
𝜅𝑢𝑧𝑅

ln
𝑧𝑅 − 𝑑
𝑧𝑀

+ 𝜓𝑀(𝑧𝑅)
 1251 

𝐻 = 
𝜅𝜌̃𝑐𝑝𝑢∗(𝑇𝐶 − 𝑇𝐴)

ln
𝑧𝑅 − 𝑑
𝑧𝐻

+ 𝜓𝐻(𝑧𝑅)
 1252 

where 𝑢𝑧𝑅  is the wind speed at the reference height (m s-1) and 𝜓𝑀(𝑧𝑅) and 𝜓𝐻(𝑧𝑅) the diabatic 1253 

correction factor for respectively momentum and heat for the reference height.  1254 

Depending on whether the air layer is stable (H < 0, cool surface, heat transfer from the air to the 1255 

surface) or unstable (H > 0, warm surface, heat transfer from the surface to the air), the diabatic 1256 

correction factors are calculated in a different way following Businger et al. (1971) using: 1257 

𝜁 =  
− 𝜅𝑔𝐻𝑧

𝜌̃𝑐𝑝𝑢∗
3𝑇̅
=  

𝑧

𝐿𝑜
 1258 

Unstable conditions: 1259 
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𝜓𝑀(𝜁) = ln [(
1 + 𝑥

2
)
2

(
1 + 𝑥2

2
)] − 2 arctan𝑥 + 

𝜋

2
  1260 

with 𝑥 =  √1 − 15𝜁
4 , 1261 

𝜓𝐻(𝜁) = ln [(
1 + √1 − 9𝜁

2
)

2

] 1262 

Stable conditions: 1263 

𝜓𝑀(𝜁) = −4.7 𝜁 1264 

𝜓𝐻(𝜁) =  −4.7𝜁/0.74 1265 

As the attentive reader may have noticed by now is that in order to calculate 𝑧𝑀, we need 𝑢∗ and 𝐻, 1266 

which depend on 𝑧𝑀 itself and each other. We thus need an iterative optimization process to estimate 1267 

these three parameters. Once 𝑧𝑀 is know, we can calculate Tz. 1268 

2. Tz Below canopy 1269 

In case the desired height of our temperature lies within the canopy (e.g., within a shrub), we cannot 1270 

use the MOST approach (e.g., Bonan et al., 2021). To calculate the temperature profile within the 1271 

canopy, Raupach (1989b, 1989a), developed an approach to predict the concentration of heat and 1272 

vapour within a canopy, using Lagrangian theory. This is called the “localized near-field” theory (LNFT), 1273 

whereby the mean concentrations of heat and vapor are the sum of a diffusive far-field contribution 1274 

obeying the Monin-Obukhov Similarity Theory, and a non-diffusive near-field contribution coming 1275 

from local sources (e.g., leaves) where turbulence is assumed to be locally homogenic. In the following 1276 

text we present the formulae derived from the microclimf approach. We outline our reasoning and 1277 

assumptions made to come to a method to derive Tz from LST. For more information on the derivation 1278 

or interpretation on the formulae we gladly guide the reader to MacLean (2026). Following Raupach’s 1279 

theory, the temperature at a certain height z, above the ground but below the canopy can be given by: 1280 

𝜌̃𝑐𝑝𝑇𝑧 = 𝐶𝑓(𝑧) + 𝐶𝑛(𝑧) 1281 

𝐶𝑓(𝑧) =  𝜌̃𝑐𝑝𝑇𝐻 − 𝐶𝑛(ℎ) + ∫
𝐻(𝑧𝑖)

𝐾𝐻(𝑧𝑖)
𝑑𝑧

ℎ

𝑧

 1282 

𝐻(𝑧𝑖) =
𝜌̃𝑐𝑝
𝑟𝐿
(𝑇𝑐𝑖 − 𝑇(𝑧𝑖)) + 𝐹𝐺 1283 

Where 𝑇𝑧 is the temperature at a height z above the ground, but within the canopy. 𝜌̃ is the molar 1284 

density of air (mol m-3) and 𝑐𝑝 represents the heath capacity at constant pressure. 𝐶𝑓(𝑧) and 𝐶𝑛(𝑧) 1285 

are respectively the far-field and near-field contributions. 𝑇𝐻 is the air temperature at the top of the 1286 

canopy whereby the 𝐶𝑓(ℎ) =  𝜌̃𝑐𝑝𝑇𝐻. The thermal diffusivity is given as 𝐾𝐻, 𝑟𝐿 is the resistance to heat 1287 

loss at the boundary layer with the elements in the canopy with temperature 𝑇𝑐𝑖. The ground heat flux 1288 

is presented as 𝐹𝐺. The near-field contribution is given by: 1289 

𝐶𝑛(𝑧) =  ∫
𝑆(𝑧𝑖)

𝜎𝜔(𝑧)
𝑘𝑛 [

𝑧 − 𝑧𝑖
𝜎𝜔(𝑧𝑖)𝑇𝐿

+
𝑧 + 𝑧𝑖
𝜎𝜔(𝑧𝑖)𝑇𝐿

] 𝑑𝑧𝑖

∞

0

 1290 
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where 𝑆(𝑧𝑖) is the source concentration given by 𝑓𝑑(𝑧𝑖)𝐻(𝑧𝑖) where 𝑓𝑑(𝑧𝑖) is the foliage density for 1291 

layer 𝑧𝑖  and 𝑘𝑛 presents a kernel function which can be approximated by   1292 

𝑘𝑛 ≈ −0.39894 ln(1 − 𝑒
𝜁) − 0.15623 𝑒𝜁 with  𝜁 =

|ℎ−𝑧|

𝜎𝜔(𝑧𝑖)𝑇𝐿
 1293 

The problem with the Lagrangian approach is that it relies on two parameters: the particle position 1294 

variance (𝜎𝜔
2 ) and the lagrangian time scale 𝑇𝐿. Both appear in the formulae we need, but neither are 1295 

actually known. Raupach (1989a) proposed plausible vertical profiles: 1296 

𝑇𝐿 = 
𝑎2ℎ

𝑢∗
 1297 

𝜎𝜔(𝑧𝑖) = 𝑢∗ [0.5(𝑎1 + 𝑎0) + 0.5(𝑎1 − 𝑎0) cos (𝜋 (1 −
𝑧𝑖
ℎ
))] 1298 

here, 𝑎1 is given by 1.25 as it is the values of 𝜎𝜔(𝑧𝑖)/𝑢∗ at the top of canopy (height = ℎ), and 𝑎0 is 1299 

equal to 0.25. The parameter 𝑎2 is unknow but generally taken to be vertically constant. Solving for 𝑎2 1300 

is done by some authors (e.g., Ogée et al., 2003) by reconciling conventional MOST with LNFT by 1301 

making the thermal diffusivity (𝐾𝐻) equivalent with the above canopy (𝑧 = ℎ), this gives the following: 1302 

𝜅 𝑢∗
𝑧 − 𝑑

𝜙𝐻
= 𝜎𝜔(𝑧𝑖)

2 𝑇𝐿 1303 

Where the left side of the equation is the thermal diffusivity (𝐾𝐻) for above canopy and the right side 1304 

is the thermal diffusivity for below canopy. Setting 𝑎1 = 1.25 and 𝑎0 = 0.25 and solving for 𝑎2 gives: 1305 

𝑎2 =
𝜅 (1 −

𝑑
ℎ
)

1.252 𝜙𝐻
 1306 

with 𝜙𝐻 the diabatic correction coefficient for heat for the above canopy temperature (Campbell and 1307 

Norman, 1998). The diabatic correction coefficient following Yasuda (1988) can be written as: 1308 

√𝜙𝐻 =
1

(1 − 16𝜁)1/4
 1309 

For unstable conditions, for stable conditions: 1310 

𝜙𝐻 = 1 +
6𝜁

1 + 𝜁
 1311 

where 𝜁 is given by (see above canopy derivation): 1312 

𝜁 =  
− 𝜅𝑔𝐻𝑧

𝜌̃𝑐𝑝𝑢∗
3𝑇̅
=  

𝑧

𝐿𝑜
 1313 

Now that we have a way to derive 𝑎2 we can also deduct 𝑇𝐿 and 𝜎𝜔(𝑧𝑖). We thus first need to solve 1314 

the above canopy equation to derive 𝜙𝐻, 𝑢∗, and sensible heat flux and subsequently derive the 1315 

temperature within the canopy. 1316 

To derive the temperature within the canopy we also need the ground heat flux, as it needed for 1317 

deriving the sensible heat flux at 𝑧𝑖  (𝐻(𝑧𝑖)) given by Fick’s law: 1318 
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𝐹𝐺 = 𝜌̃𝑐𝑝𝐾̅𝑧,0(𝑇𝐺 − 𝑇𝑧) 1319 

Here 𝑇𝑧 is the air temperature at height 𝑧 and 𝐾̅𝑧,0 represents the average thermal diffusivity within 1320 

the canopy and can be calculated as: 1321 

1

𝐾̅𝑧,0
= 𝑧 ∫

1

𝐾𝐻(𝑧)

𝑧

0

𝑑𝑧 1322 

The previously presented formulae requires integration over the whole canopy, whereby the canopy 1323 

is divided in numerous layers whereby every layer has a known canopy density. This is practically 1324 

challenging to derive such data. Furthermore, it is computationally very inefficient to solve al these 1325 

equations on pixel level, even if the vertical distribution is known. Therefore we follow some 1326 

assumptions made by MacLean (2026). A first assumption we make is that the effects of the vertical 1327 

variation in 𝐻 and 𝐾𝐻 on the far-field contribution are very small relative to the contribution of the air 1328 

above the canopy. Therefore, the contribution to the far-field component can be approximated as:  1329 

∫
𝐻(𝑧𝑖)

𝐾𝐻(𝑧𝑖)
𝑑𝑧 ≈

𝐻𝐶

𝐾̅ℎ,0
(1 −

𝑧

ℎ
)

ℎ

𝑧

 1330 

In this formula, the 𝐻𝐶  is the total heat flux resulting from the combined canopy elements and 𝐾̅ℎ,0 is 1331 

the average thermal diffusivity within the canopy (from ground to the top of the canopy): 1332 

1

𝐾̅ℎ,0
= ℎ ∫

1

𝐾𝐻(𝑧)
𝑑𝑧

ℎ

0

 1333 

A second assumption that can be made is the fact that we treated the initial vegetated surface (to 1334 

calculate the above canopy properties) was treated as a single layer of phytomass. Therefore, 1335 

technically the sensible heat flux resulting form the top of this layer is the combination canopy 1336 

components (𝐻𝐶) and the underlying ground surface (𝐻𝐺). Whereby the sensible heat flux calculated 1337 

in previous section is given by 𝐻 = 𝐻𝐶 +𝐻𝐺. Now the assumption can be made that the fraction 𝐻𝐺/𝐻 1338 

is equal to the proportion of ground surface that is not covered by canopy elements in a way that: 1339 

𝐻𝐺 = 𝐻 𝑒
−𝑃𝑎𝑖, 𝐻𝐶 = 𝐻 (1 − 𝑒

−𝑃𝑎𝑖) 1340 

Whit this in mind, we can create an energy balance equation for 𝑇𝑧 below the canopy: 1341 

𝜌̃𝑐𝑝𝐾̅𝑧,0(𝑇𝐺 − 𝑇𝑧) + 𝜌̃𝑐𝑝𝐾̅ℎ,𝑧(𝑇𝐻 − 𝑇𝑧) + 𝜌̃𝑐𝑝𝐾̅ℎ,0(𝑇𝐶 − 𝑇𝑧) = 0 1342 

With 𝑇𝐶  the temperature of the canopy elements at the top of the canopy and 𝑇𝐻 the air temperature 1343 

at the top of the canopy given by: 1344 

𝑇𝐻 = 𝑇𝐶 −
𝐻𝐶

𝜌̃𝑐𝑝𝐾̅ℎ,0
 1345 

We can now use the last two formulae to solve for 𝑇𝐺 the ground temperature: 1346 

𝑇𝐺 = 𝑇𝑧 +
𝐾̅ℎ,𝑧

𝐾̅𝑧,0
(𝑇𝑧 − 𝑇𝐶 +

𝐻𝐶

𝜌̃𝑐𝑝𝐾̅ℎ,0
) + 𝐾̅ℎ,0(𝑇𝑧 − 𝑇𝐶) 1347 

Here the mean thermal diffusivities 𝐾̅𝑧,0, 𝐾̅ℎ,0 and 𝐾̅ℎ,𝑧 can be derived by integration following 1348 

MacLean (2026): 1349 
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1

𝐾̅𝑧,0
= 𝑧∫

1

𝐾𝐻(𝑧)
𝑑𝑧

𝑧

0

= 𝑧
2

𝑎2 𝜋 𝑢∗
(

 
48 tan

√5 𝑓1
𝑓2

53/2
+

32 𝑓1

𝑓2 (
25 𝑓1
𝑓2
2 + 5)

)

  1350 

Where: 1351 

𝑓1 = sin𝑥 , 𝑓2 = cos 𝑥 + 1, 𝑥 =
𝜋𝑧

ℎ
  1352 

In the case where 𝑧 = ℎ, this results in: 1353 

1

𝐾̅ℎ,0
= ℎ∫

1

𝐾𝐻(𝑧)
𝑑𝑧

ℎ

0

= ℎ
4.293251

𝑎2 𝑢∗
 1354 

For 𝐾̅ℎ,𝑧 we can use:  1355 

1

𝐾̅ℎ,𝑧
= (ℎ − 𝑧)∫

1

𝐾𝐻(𝑧)
𝑑𝑧

ℎ

𝑧

= (ℎ − 𝑧) [∫
1

𝐾𝐻(𝑧)
𝑑𝑧

ℎ

0

−∫
1

𝐾𝐻(𝑧)
𝑑𝑧

𝑧

0

] 1356 

A third assumption is related to the computation of the near-field contribution. The effects of the 1357 

kernel function 𝑘𝑛 are such that at height 𝑧 the near-field concentration is more influenced by the local 1358 

source concentration 𝑆(𝑧) and the contributions at other heights 𝑧𝑖  are negligible when |𝑧 − 𝑧𝑖| ≫ 0. 1359 

Therefore the near-field contribution 𝐶𝑛(𝑧) can be determined just on 𝑆(𝑧) with a minor adjustment 1360 

(𝐶𝑠, empirically derived (Maclean, 2026)) based on plant area index: 1361 

𝐶𝑛(𝑧) = 𝑆(𝑧)(3.05 + 0.129 ln 𝑃𝑎𝑖), 𝑆(𝑧) = 𝑓𝑑(𝑧)𝐻(𝑧) 1362 

To recapitulate, the air temperature at height 𝑧 with the canopy (𝑇𝑧) can be given as: 1363 

𝜌̃𝑐𝑝𝑇𝑧 = 𝜌̃𝑐𝑝𝑇𝐻 − 𝐶𝑛(ℎ) + ∫
𝐻(𝑧𝑖)

𝐾𝐻(𝑧𝑖)
𝑑𝑧

ℎ

𝑧

+ 𝐶𝑛(𝑧) 1364 

From what we learned in the derivations above and the assumptions made, we can reformulate this 1365 

to: 1366 

𝑇𝑧 = 𝑇𝐻 +
𝐻𝐶

𝜌̃𝑐𝑝𝐾̅ℎ,0
(1 −

𝑧

ℎ
) − 

𝑆(ℎ)𝐶𝑠
𝜌̃𝑐𝑝

+
𝑆(𝑧)𝐶𝑠
𝜌̃𝑐𝑝

, 𝐶𝑠 = (3.05 + 0.129 ln𝑃𝑎𝑖) 1367 

=> 𝑇𝑧 = 𝑇𝐶 −
𝑧 𝐻𝐶

ℎ 𝜌̃𝑐𝑝𝐾̅ℎ,0
 −
𝑓𝑑(ℎ)𝐻𝐶𝑠
𝜌̃𝑐𝑝

+
𝑓𝑑(𝑧)𝐻(𝑧)𝐶𝑠

𝜌̃𝑐𝑝
 1368 

=> 𝑇𝑧 = 𝑇𝐶 −
𝑧 4.293251 𝐻 (1 − 𝑒−𝑃𝑎𝑖)

𝜌̃𝑐𝑝𝑎2 𝑢∗
 −
𝑓𝑑(ℎ)𝐻𝐶𝑠
𝜌̃𝑐𝑝

+
𝑓𝑑(𝑧)𝐻(𝑧)𝐶𝑠

𝜌̃𝑐𝑝
 1369 

Note, we now have almost everything to calculate 𝑇𝑧, 𝑇𝐶  is the canopy temperature, given by the LST 1370 

derived from the thermal UAV data, 𝐻 is the sensible heat flux at the top of the phytomass layer, 1371 

calculated in the previous step, the derivation of the above canopy properties, this also allowed us to 1372 

get the friction velocity 𝑢∗. The constant 𝑎2 can also be determined using the diabatic correction 1373 

coefficient for heat. The only variable still needed is the heat flux at height z: 1374 

𝐻(𝑧) =
𝜌̃𝑐𝑝
𝑟𝐿
(𝑇𝑐𝑧 − 𝑇z) + 𝜌̃𝑐𝑝𝐾̅𝑧,0(𝑇𝐺 − 𝑇𝑧) 1375 
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With 𝑇𝑐𝑧  the temperature of the canopy elements at height z, 𝑟𝐿 the boundary layer resistance of the 1376 

leaves given 𝑟𝐿 = 318√0.71 𝐿𝑤/𝑢𝑧 with 𝐿𝑤 the leaf with (m) and 𝑢𝑧 the wind speed (m s-1) given by 1377 

Harman and Finnigan (2008):  1378 

𝑢𝑧 = 𝑢ℎ exp (
𝛽

𝐿𝑀
(𝑧 − ℎ)) 1379 

In this formula, 𝑢ℎ represents the windspeed at the top of canopy with height h, the parameter 𝛽 is 1380 

given by 𝑢∗/𝑢ℎ, and 𝐿𝑀 = 2𝛽
2𝐿𝐶  where 𝐿𝐶 = (0.25𝑃𝑎𝑖 ℎ⁄ )

−1. The wind speed at the top of the 1381 

canopy can then be calculated as: 1382 

𝑢ℎ =
𝑢∗
𝜅
(ln
ℎ − 𝑑

𝑧𝑀
+𝜓𝑀(ℎ)) 1383 

With 𝜅 the Von Karman constant, 𝑧𝑀 the roughness length for momentum (calculated from the above 1384 

canopy properties), 𝑑 the zero-plane displacement length and 𝜓𝑀(ℎ) the diabatic correction factor for 1385 

momentum.  1386 

We have now a way to describe 𝑇𝑧 based on known variables, 𝑇𝑐𝑧  and 𝑇𝐺. The latter two are technically 1387 

not known yet, but we can express them in function of different variables and 𝑇𝑧 itself. We can now 1388 

solve for these three parameters using a numerical optimization technique, similar to the approach in 1389 

the above canopy temperature situation.  1390 

Note: one should remain cautious when applying the formulae or interpreting the data. Here we test 1391 

this approach, proposed by MacLean (2026), and adapted it to our use case to test against in situ 1392 

loggers. With this study we want to show the potential of incorporating thermal UAV data into 1393 

mechanistic microclimate modelling.1394 

  1395 
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Appendix G. Comparison: measured vs. predicted 1396 

Accuracy Metrics 1397 

When compared to the loggers present in the flight block “ANBH1”, the GBM model obtains the best 1398 

metric values. One should note that this reason is two-fold: (I) the GBM is directly trained on the in 1399 

situ loggers themselves and, (II) for T0cm the GBM best represents the temperature at 0 cm, while the 1400 

other two models provide the land surface temperature and could therefore only be evaluated for the 1401 

land cover Moss, explaining the high RMSE (Table G1). The in situ loggers here are seen as a common 1402 

reference to perform the comparison.  1403 

Table G1. Accuracy metrics for the different approaches calculated from the loggers in ANBH1 (n = 30) across all land covers 1404 
and flights. Note, for T13cm the land cover “tree” is not taken into account due to lack of data. For T0cm the metrics are solely 1405 
calculated for the landcover “Moss” for microclimf and the Thermal UAV approach as this is the only representable LC class, 1406 
for the GBM model all land cover classes could be evaluated.  1407 

Model 

T13cm T0cm 

RMSE (°C) R2 RMSE (°C) R2 

GBM 2.217 0.850 2.636 0.719 

Microclimf 4.427 0.645 6.283 0.598 

Thermal UAV 3.372 0.775 13.834 0.402 

 1408 

Figure G1. Comparison of the modelled microclimate temperature at 13cm of 50 random points per land cover types of 1409 
ANBH1. Note, the land cover “tree” is not available for the Thermal UAV approach. 1410 
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 1411 
Figure G2. The difference between the model output and the corresponding measured microclimate for LST/T0cm for the 1412 
different models for the different flight days for the landcover Moss. 1413 

Scatter Plots 1414 

To compare the output of the different modelling approaches with the in-situ logger measurements 1415 

we plotted for each model the model prediction against the temperature measured with the TOMST 1416 

TMS-4 loggers. This for both the ground surface temperature (T0cm, or the TMS-4 T2 sensor) as well as 1417 

the near surface air temperature measured at 13 cm (T13cm, or the TMS-4 T3 sensor). The data is 1418 

grouped per land cover class (colour) and flight date (symbol). Note, the ground surface temperature 1419 

can only be compared with the in-situ measurements for areas where they both represent the same 1420 

surface (i.e., Mosses). Figure G3, Figure G4 and Figure G5 show the scatter plots for near surface air 1421 

temperature (T13cm) for respectively the gradient boosted model (GBM), the mechanistic microclimf 1422 

model and the thermal UAV data. The scatter plots for the ground surface temperatures of these 1423 

models are shown in Figure G6, Figure G7 and Figure G8. 1424 

 1425 
Figure G3. Measured vs. Predicted GBM microclimate at 13 cm. Scatter plot of the measured (TOMST TMS-4 T3) versus 1426 
predicted near air surface temperatures at 13 cm for the gradient boosted model (GBM). The colours represent the different 1427 
landcover classes, the symbols the different flight days. Where flight 1 and 3 were overcast conditions and flight 2 and 4 had 1428 
clear skies with full incoming solar radiation.  1429 
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 1430 

Figure G4. Measured vs. Predicted microclimf microclimate at 13 cm. Scatter plot of the measured (TOMST TMS-4 T3) versus 1431 
predicted near air surface temperatures at 13 cm for the microclimf model. The colours represent the different landcover 1432 
classes, the symbols the different flight days. Where flight 1 and 3 were overcast conditions and flight 2 and 4 had clear skies 1433 
with full incoming solar radiation.  1434 

 1435 

Figure G5. Measured vs. Predicted Thermal UAV microclimate at 13 cm. Scatter plot of the measured (TOMST TMS-4 T3) 1436 
versus predicted near air surface temperatures at 13 cm for the thermal UAV approach. The colours represent the different 1437 
landcover classes, the symbols the different flight days. Where flight 1 and 3 were overcast conditions and flight 2 and 4 had 1438 
clear skies with full incoming solar radiation.  1439 



63 
 

 1440 

Figure G6. Measured vs. Predicted GBM LST microclimate (at 0 cm). Scatter plot of the measured (TOMST TMS-4 T2) versus 1441 
predicted ground surface temperatures at 0 cm for the microclimf model. The colours represent the different landcover 1442 
classes, the symbols the different flight days. Where flight 1 and 3 were overcast conditions and flight 2 and 4 had clear skies 1443 
with full incoming solar radiation.  1444 

 1445 

Figure G7. Measured vs. Predicted microclimf LST microclimate. Scatter plot of the measured (TOMST TMS-4 T2) versus 1446 
predicted leaf surface temperatures for the microclimf model. Note only the landcover class moss is presented, the symbols 1447 
the different flight days. Where flight 1 and 3 were overcast conditions and flight 2 and 4 had clear skies with full incoming 1448 
solar radiation.  1449 
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 1450 

Figure G8. Measured vs. Predicted Thermal UAV LST microclimate. Scatter plot of the measured (TOMST TMS-4 T2) versus 1451 
the measured land surface temperatures from the thermal UAV. Note only the landcover class moss is presented, the symbols 1452 
the different flight days. Where flight 1 and 3 were overcast conditions and flight 2 and 4 had clear skies with full incoming 1453 
solar radiation.  1454 

  1455 
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Appendix H. Temperature Offsets 1456 

 1457 

Figure H1. The daily maximum and minimum offset of the T13cm microclimate compared to the macroclimate temperature 1458 
calculated from the TOMST TMS-4 loggers present in the focus area ANBH1. The observed offsets are much larger compared 1459 
to the offsets observed in forest ecosystems, even in the shaded shrubs or under solitary trees/tree patches. 1460 

 1461 

Figure H2. Offsets of T13cm calculated per method on the logger locations on the instances of comparison per land cover. 1462 
Note, the loggers themselves are also included in this figure.  1463 
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Figure H3. Microclimate T13cm offsets per method for each day, presented as spatial maps. The microclimf approach suggests negative offsets on the coldest overcast day. This method furthermore shows very 1464 
large legative offsets under trees. The thermal UAV approach shows extreme positive offsets, indicating much warmer temperatures compared to the macroclimate. The GBM approach is much more reserved in 1465 
the offsets, but consistently predicts higher temperatures compared to the weather station data.1466 

 Gradient Boosted Models (GBM) Microclimf Thermal UAV 
Fl

ig
h

t 
1

 

   

Fl
ig

h
t 

2
 

   

Fl
ig

h
t 

3
 

   

Fl
ig

h
t 

4
 

   



67 
 

Appendix I. Models with adjusted CHM 1467 

The canopy height models in our study are derived from a UAV LiDAR system. However, when working 1468 

at very small scales (e.g., height of mosses) and in dense systems (e.g., dense shrubs), the derived 1469 

canopy height model (CHM) can yield over- or underestimations. Especially, when converting land 1470 

surface temperatures (LST) to near surface air temperatures, the canopy height plays a large role in 1471 

modelling the temperature profile near the ground. Here, an overestimation of the moss height can 1472 

lead to higher near surface air temperatures. To test this, we artificially set the CHM of moss to 1 cm 1473 

and calculated the model output for the microclimf model and the derivation from LST again. In this 1474 

appendix we present the output of the models with an adjusted CHM. The accuracy metrics (Table I1) 1475 

only show a slight increase as we didn’t change anything for the other land cover classes, the effect is 1476 

furthermore less noticeable when there is good air flow/mixing. Only on the very hot day, with low 1477 

wind speeds, this effect is large (flight 2). We demonstrate this based on some loggers in the field 1478 

above moss layers (Figure I1).  1479 

Table I1. Accruacy metrics for the different approaches when setting the CHM artificially to 1 cm for moss. 1480 

Model 

T13cm TSurface 

RMSE (°C) R2 RMSE (°C) R2 

GBM 2.217 0.850 2.636 0.720 

Microclimf 4.424 0.644 7.762 0.412 

Thermal UAV 3.067 0.787 9.948 0.412 

 1481 

Figure I1. Temperature profiles  above moss derived from the LST using the MOST theory. The temperature profiles when 1482 
using the original CHM do not decrease fast enough compared to the temperature profiles with the adjusted CHM, in blue.  1483 
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Appendix J. throne package test 1484 

 1485 

  

  

Figure J1. The output of the throne package for the ground surface temperature (T0cm) for  flight 1-4 (top left to bottom right). Instead of operative temperature loggers, we used the TMS-4 T2 loggers to establish 1486 
a relationship with the four thermal flights. While only a limited amount of data was used, the workflow was able to uncover temporally interpolated spatial maps showing thermal heterogeneity with warmer and 1487 
colder areas also observed in the instances for the comparison. 1488 

 1489 
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 1490 

 1491 

  

  

Figure J2. The output of the throne package for the near surface air temperature (T13cm) for  flight 1-4 (top left to bottom right). Instead of operative temperature loggers, we used the TMS-4 T3 loggers to establish 1492 
a relationship with the four thermal flights. While only a limited amount of data was used, the workflow was able to uncover temporally interpolated spatial maps showing thermal heterogeneity with warmer and 1493 
colder areas also observed in the instances for the comparison. 1494 
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