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A B S T R A C T

Forests foster buffered microclimates, but causal mechanisms have rarely been studied on longer timescales and 
in differently diverse stands. Here, we explore temperature regulation by a young experimental forest in Austria, 
focusing on four common colline broadleaf species (Acer platanoides L., Tilia cordata Mill., Quercus robur L., 
Carpinus betulus L.) in monocultures, two- and four-species mixed stands. Air temperature was monitored in 28 
forest plots for two years and compared to open-field controls. Using generalized additive models (GAMs), we 
investigated direct temperature offsets and lags between open-field and sub-canopy temperatures, considering 
diurnal and seasonal changes, and causal factors such as global mean radiation, relative air humidity, wind, and 
leaf area index (LAI). Forests generally had a cooling effect during the summer and a warming effect in winter, 
where the cooling magnitude varied with species composition and environmental conditions. Specifically, Acer 
platanoides and Carpinus betulus demonstrated the highest cooling capacities, and Quercus robur the lowest. Mixed 
species stands exhibited higher temperature buffering effects relative to monospecific stands, suggesting that 
species diversity in forests can increase the ability to regulate microclimates. Solar radiation, relative air hu
midity, wind speed, and LAI all significantly influenced offsets. These findings are crucial for urban forestry and 
environmental planning, suggesting that careful selection of tree species can optimize temperature regulation, 
thereby improving human thermal comfort and ecosystem processes alike.

1. Introduction

Forests substantially influence local thermal environments, creating 
microclimates distinct from the surrounding macroclimate (Chen et al., 
1999; Geiger et al., 2009; De Frenne et al., 2019, 2021; Gillerot et al., 
2024b). These microclimates feature lower daytime temperature max
ima and higher nighttime minima (Chen et al., 1999; D’Odorico et al., 
2013; De Frenne et al., 2019, 2021), with a global average reduction of 
4.1 ◦C in daily maxima and an increase of 1.1 ◦C in minima (De Frenne 
et al., 2019). Buffering magnitude and patterns vary diurnally, season
ally, and interannually (Ewers and Banks-Leite, 2013; De Frenne et al., 
2021; Meili et al., 2021). Warmer seasons relate to larger reductions in 

temperature maxima because of both higher evapotranspiration and the 
full leaf flushing of deciduous species - at least in temperate biomes 
(Wang et al., 2021). European forests, for example, reduce summer 
temperatures by 2.1 ◦C on average and increase winter temperatures by 
2.0 ◦C (Haesen et al., 2021). During temperature extremes, such as 
heatwaves, forests’ buffering capacity becomes critical, reducing sea
sonal and interannual variability mitigating impacts on biodiversity and 
human well-being (Renaud and Rebetez, 2009; De Frenne et al., 2021; 
Gillerot et al., 2022, 2024a).

This temperature buffering has not only significant implications for 
biodiversity and human health, but also for ecosystems. The buffering 
helps regulate the ecological balance in understory plant communities 
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by mitigating thermophilization (Royer et al., 2011; De Frenne et al., 
2013; Zellweger et al., 2020) and climate change impacts, especially in 
forests with dense canopies (Sanczuk et al., 2023). The buffering effect 
of forest canopies also alleviates thermal stress, benefiting human health 
(Gillerot et al., 2022, 2024a).

Forest microclimates are the result of a complex interplay of mete
orological factors (air temperature, precipitation, solar radiation, cloud 
cover, wind speed and direction, air humidity, evapotranspiration) and 
local conditions (topography, soil type, land cover) (Bramer et al., 
2018). Trees and vegetation alter wind patterns, provide shade and 
elevate air humidity through transpiration and evaporation (Aussenac, 
2000; Geiger et al., 2009). Leaf area index (LAI), crown structure 
(Kotzen, 2003; Shahidan et al., 2010), and canopy closure are influenced 
by species composition and affect the reflection, absorption and trans
mission of solar radiation, thus moderating temperature extremes (Chen 
et al., 1999; Zellweger et al., 2019) and temperature variations 
(Aussenac, 2000; Bramer et al., 2018). Dense canopies further reduce 
turbulent air mixing (Raupach et al., 1996; Hardwick et al., 2015), 
lowering wind speeds by up to a factor of 5 compared to open-fields 
(Davies-Colley et al., 2000; Gillerot et al., 2022). As a result, forest 
stand structure - particularly basal area, LAI, canopy closure and -height 
of overstorey trees, is thus of major importance in determining micro
climates (Hardwick et al., 2015; Greiser et al., 2018; Jucker et al., 2018; 
Zellweger et al., 2019; Gillerot et al., 2022, 2024b). However, 
below-canopy structural variables might also partially determine 
microclimatic variation (Kovács et al., 2017).

Species composition shapes both canopy and structural properties of 
forest stands. For instance, deciduous and evergreen-deciduous forests 
in Switzerland exhibit more pronounced summer and daytime cooling 
than pine-dominated stands (Renaud and Rebetez, 2009; Renaud et al., 
2011). Although these cooling effects are likely driven by functional 
traits (e.g. shade-casting ability, crown shape, leaf size, leaf shape and 
colour) (Zellweger et al., 2019; Rahman et al., 2020), a global 
meta-analysis found no consistent relationship at the global scale (De 
Frenne et al., 2019). In the light of the ongoing transition of temperate 
forests towards mixed stands to mitigate climate change effects (Morin 
et al., 2011; Liang et al., 2016; Ammer, 2019), tree species diversity has 
been hypothesized to further enhance temperature buffering (Gillerot 
et al., 2022; Zhang et al., 2022; Schnabel et al., 2024). This is partly, 
because diversity can foster increased structural complexity through 
spatial complementarity in aboveground biomass, leading to more 
complete canopy space filling (Pretzsch, 2014; Pretzsch and Schütze, 
2016; Pretzsch et al., 2016). Increased vertical stratification and crown 
plasticity in mixed stands (Jucker et al., 2015) contribute to these ef
fects. Despite these insights, evidence of diversity effects on thermal 
buffering remains mixed. Some studies indicate that tree species di
versity, along with denser and more complex canopies, consistently 
improves temperature regulation (Wang et al., 2021; Schnabel et al., 
2024). In young forest plantations, however, microclimate cooling ap
pears to depend strongly on species identity and to a lesser degree on 
tree species diversity (Zhang et al., 2022). Mixture effects can be 
negative if interspecific competition reduces overall leaf area (Zhang 
et al., 2022). Mechanisms driving enhanced cooling in mixed stands 
resemble those that increase productivity (Zhang et al., 2022). Com
plementary species traits allow a more efficient use of resources such as 
light, water, nutrients increasing the growth of roots, stem and leaves 
(Pretzsch et al., 2016; Ehbrecht et al., 2017; del Río et al., 2021; Urgoiti 
et al., 2022; Zhang et al., 2022). A larger leaf area intensifies shading 
and evapotranspiration, thereby strengthening thermal buffering. 
Moreover, these benefits may become more pronounced as forests 
mature (Gillerot et al., 2022; Lindenmayer et al., 2022).

The present study aims for an in-depth analysis of the effects of 
species identity and diversity on subcanopy air temperature, particularly 
focusing on temperature offsets between forest and open-field environ
ments. Central to our analysis are the temporal patterns - both diurnal 
and seasonal - alongside a suite of causal factors including global mean 

radiation, relative air humidity, wind speed, and LAI. Generalized Ad
ditive Models (GAMs), as conceptualized by Hastie and Tibshirani 
(1986) and expanded by Wood (2017), provide a methodologically 
sound framework for this comprehensive analysis. GAMs are recognized 
for their ability to accurately model smooth, non-linear relationships 
within time series data, a feature that has garnered appreciation within 
ecological modeling (Simpson, 2018; Pedersen et al., 2019; Vospernik, 
2021), and in particular for modeling temperature (Guan et al., 2009; 
Laanaya et al., 2017). A comparison of different methods (linear 
regression, residuals regression, logistic regression, GAM), indicated 
GAMs were the best among the four models for water temperature 
modelling based on RMSE, bias, Nash-Sutcliffe coefficient of efficiency. 
Similarly, Zellweger et al. (2019) found a GAM mixed approach to 
model temperature buffering more efficient than generalized mixed 
models but did fully make use of the potential of GAMs to include and 
predict seasonal patterns. This analytical approach allows for an intri
cate examination of how temperature buffering is influenced by both 
temporal patterns and environmental drivers across monocultures and 
mixtures of four widespread broadleaf species: Small-leaved lime (Tilia 
cordata Mill.), Norway maple (Acer platanoides L.), common hornbeam 
(Carpinus betulus L.), and pedunculate oak (Quercus robur L.). Over two 
years of hourly resolved data are analyzed to discern the multifaceted 
effects of these factors, utilizing the flexibility of GAMs in capturing the 
complexity of ecological interactions.

We tested the following hypotheses: (i) The temperature inside a 
young forest significantly differs from the temperature in the open-field, 
indicating a substantial temperature buffering effect of young forests. 
(ii) There is a significant diurnal or seasonal temperature buffering be
tween the young forest and the open-field, implying that the tempera
ture patterns differ over time for both environments. (iii) Environmental 
macroclimatic factors such as solar radiation, wind speed and relative 
air humidity significantly affect the temperature buffering capabilities 
of the young forest. (iv) There are measurable microclimatic offsets 
between different forest plots with varying tree species compositions 
and LAI, suggesting variability in the temperature buffering effect 
throughout the young forest.

2. Material and methods

2.1. Study area

This research was conducted at the B-Tree experimental forest in 
Tulln an der Donau (48.317531 N, 16.066908 E) in the eastern part of 
Austria. B-Tree belongs to the global TreeDivNet platform, a network 
dedicated to tree biodiversity investigations (Verheyen et al., 2016). 
Established in 2013, the B-Tree site spans c. 1.2 ha and was densely 
planted in a gapless configuration with c. 12,000 2-year-old trees from 
four different broadleaf tree species, namely Acer platanoides L. (Ap), 
Tilia cordata Mill. (Tc), Quercus robur L. (Qr), and Carpinus betulus L. 
(Cb), using a hexagonal planting design with 1 m distance between trees. 
Prior to its transformation in 2012, the area was used as a grassland and 
covered sparsely with shrubs and trees. Its surroundings consist pri
marily of agricultural land.

The site comprises both monocultures and mixtures. Monocultures 
constitute four plot types (Ap, Tc, Qr, Cb), two-species mixtures two plot 
types (Ap and Tc – ApTc, and Qr and Cb – QrCb), while four-species plots 
contain all species (All) as the seventh plot type (Fig. 1). Each of the 7 
plot types / species compositions is four-times replicated. In two-species 
plots, each species accounts for half of the total stem number, while in 
the four-species plots, each species makes up a quarter of the total trees. 
Individual species plots measure 131 m2, while two and four-species 
plots are 313 m2 (Fig. 1). Areas in between these plots were filled 
with species of neighboring plots, ensuring a continuously closed forest 
canopy. At the start of the study, in August 2020, average tree heights 
were: A. platanoides 5.5 ± 1.6 m, T. cordata 3.6 ± 1.2 m, Q. robur 
4.2 ± 1.1 m, and C. betulus 4.1 ± 1.0 m.
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The site’s local climate yields an average annual precipitation of 
597 mm and a mean annual temperature of 9.5 ◦C (ZAMG, 2002). 
During the experimental period the average air temperature was 
recorded at 11.3 ± 8.4 ◦C, and mean wind speed and mean relative air 
humidity were 3.3 ± 2.6 m s− 1, and 73 ± 12.9 %, respectively. Mean 
solar radiation was 139.3 ± 224.9 W m− 2 and cumulative precipitation 
663.6 ± 0.6 mm (Table 1).

The soil at the experimental site is classified as moist chernozem, 
characterized by its hydromorphic properties, rich humus content, and 
the presence of free calcium carbonate derived from Danube River 

sediments.

2.2. Leaf area sampling, micro- and macroclimatic measurements and 
phenology

The LAI was sampled according to the method described in Stein
parzer et al. (2022), starting from summer 2020 until the shedding of the 
last marcescent leaves in spring 2023. In brief, a total of 128 leaf litter 
traps were deployed to collect leaf litter, which was subsequently dried, 
sorted by species, and weighed. Leaf biomass was then multiplied by the 
specific leaf area to calculate the LAI. Absolute and relative LAI, i.e. the 
proportional share of the tree species LAI compared to the absolute LAI 
in percent, were determined at plot and/or species levels. Statistical tests 
were carried out in R, using the packages stats (R Core Team, 2024) and 
car (Fox and Weisberg, 2019). One-way ANOVAs (p < 0.05) were con
ducted for all stands (Ap, Tc, Qr, Cb, ApTc, QrCb, All). Pairwise com
parisons were assessed via Tukey’s HSD (p < 0.05). Residuals met 
normality (Shapiro-Wilk, p < 0.05), and homogeneity of variances was 
confirmed (Levene, p < 0.05). No violations of these assumptions were 
found.

Thermochron iButtons (DS1922L; Maxim Integrated, San Jose, Cal
ifornia, USA) were used to record ambient air temperatures beneath the 
canopy of every replicated plot (Fig. 1) and in the open-field adjacent to 
the site. The micro sensors have an accuracy of ± 0.5 ◦C reported by the 
manufacturer — a figure validated by Staines et al. (2022) with an 
observed accuracy of ± 0.47 ◦C and precision of ± 0.17 ◦C. To avoid 
edge effects, the sensors were centered in each of the 28 forest plots and 
placed in equal distance from the surrounding trees. In mixed forest 
stands, we ensured that the distribution of surrounding tree species re
flected the intended proportionality of species. Under the forest canopy, 
the sensors were suspended at 1.1 m above the forest floor, which is the 
mean center of gravity of a standing adult (ISO, 1998; Johansson et al., 
2014). The sensors were placed in a thin plastic bag with silica gel, as a 
precaution against damage by moisture (Roznik and Alford, 2012) and 
shielded against solar radiation (Supplementary Fig. A.1 B, C). In the 
open-field, three sensors were likewise positioned at 1.1 m, using 
wooden posts as substitutes for the trees to ensure the same suspension 
height and setup. The open-field sensors were placed 30 m from the 
southern border of the forested site (Fig. 1) to avoid interactions. Given 
the sensor’s reliance on an internal non-rechargeable battery, we 
implemented a synchronised logging interval of three hours to sustain 
the sampling period. Sensors were cross calibrated before being installed 
in the plots.

The microclimatic temperature recordings continued from 6th 
August 2020 to 20th September 2022. The loggers were retrieved two 
times (1st time: from 25th February 2021 till 9th April 2021, 2nd time: 
from 3rd October 2021 till 16th October 2021) for data collection. To 
match hourly macroclimatic meteorological data (see below) with the 
microclimatic data from the sensors, temperature between the 180-min
ute logging intervals were linearly interpolated using the R padr package 
(Thoen, 2022). We did not apply gap filling to the periods where the 
loggers were retrieved from the field. The iButton data was screened for 
outliers and these were removed from the temperature time series before 
analysis. Time series data was adjusted to UTC local time. The same 
statistical tests as for LAI were applied to the mean forest temperature 
and mean temperature offset for each season and no violations of the 
assumptions were found.

Macroclimatic data, spanning from 6th August 2020 to 21st 
September 2022, was retrieved from a neighboring weather station in 
3.84 km distance to the study site (GeoSphere weather station Langen
lebarn [48.323891, 16.118055], 175 m above sea level, synoptic 
observation station coding: 4081 (GeoSphere Austria, 2023). These 
hourly macroclimatic data from the weather station were joined with 
the iButton data: Wind speed [m s− 1], relative air humidity [%], 
incoming solar radiation [W m− 2], precipitation [mm], sun hours [h], 
soil temperature in 20 cm soil depth [◦C] and calculated ASCE-EWRI 

Fig. 1. Aerial overview of the plot arrangement of the TreeDivNet experimental 
site B-Tree, Austria. The four present species (Acer platanoides L. (Ap), Tilia 
cordata Mill. (Tc), Quercus robur L. (Qr), Carpinus betulus L. (Cb)) are replicated 
as monocultures, two-species mixtures ApTc and QrCb and as four-species 
mixtures All. The plot abbreviations with a consecutive number (1–4 corre
sponds to the replication number) mark the sampled plots (e.g., Ap1, Tc1, …).

Table 1 
Climatic data of the GeoSphere weather station, close to the B-Tree study site, 
Austria, between 2020 and 2022.

year air 
temperature 
[◦C]

windspeed 
[m s− 1]

relative 
air 
humidity 
[%]

solar 
radiation 
[W m− 2]

cumulative 
precipitation 
[mm]

Mean ± SD

2020 11.4 ± 8.1 3.3 ± 2.6 74.3 
± 19.1

133.1 
± 216.7

814.4 ± 0.6

2021 10.8 ± 8.6 3.4 ± 2.5 74.4 
± 17.5

139.8 
± 223.3

630.6 ± 0.6

2022 11.9 ± 8.5 3.4 ± 2.6 71.8 
± 20.0

145.0 
± 234.6

545.8 ± 0.5
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reference (alfalfa) evapotranspiration ETo [mm h− 1] from the R GitHub 
package gowusu/sebkc (Owusu, 2023). Precipitation, sun hours, soil 
temperature in 20 cm soil depth and ETc were subsequently not used 
due to possible multi-day lag, coarse data resolution or stark collinearity 
with temperature, wind speed, solar radiation, and relative air humidity 
(data not shown).

During the LAI sampling periods, phenological events such as bud 
break, leaf flushing until the canopy was fully developed, the start of leaf 
shedding, and the end of leaf shedding were documented (ZAMG, 2019; 
Supplementary Table A.1). For analysis, we selected cardinal points 
(Supplementary Table A.1, Fig. 3 A-J) to represent both in situ pheno
logical observations and established meteorological dates (e.g., A (DOY 
60) for meteorological spring, B (DOY 80) for calendrical spring, F (DOY 
172) for summer solstice, and J (DOY 355) for winter solstice). Across 
years, bud break typically occurred between C (DOY 90) and D (DOY 
120), with A. platanoides and C. betulus initiating first (often around DOY 
90–95), followed about 20–25 days later by Q. robur and T. cordata (near 
DOY 115). All species generally reached 100 % leaf expansion by DOY 
125–138, but latest until E (DOY 140). Leaf fall usually started between 
G (DOY 260) and H (290). The end of leaf fall was marked by point I 
(DOY 320). Although each species exhibited slight annual variation, the 
chosen cardinal points provide orientation throughout the year. The 
highest values for global radiation were reached at summer solstice 
(DOY 172), and the shortest day is at the winter solstice (DOY 355). 
Therefore, individual solar radiation thresholds were applied 
(500 W m− 2 in Fig. 6 A, 650 W m− 2 in Fig. 6 E, and 300 W m− 2 in Fig. 6
F, G) for seasons with lower solar radiation (DOYs: 90, 260, 320, 355), to 
avoid unreasonable model extrapolation beyond the typical radiation 
ranges during the respective timepoints.

2.3. Generalized additive models

Temperature difference was modeled using hierarchical generalized 
additive models (GAMs). Hierarchical (mixed) models impose a struc
ture where the relationship between predictor and response are orga
nized in groups and where errors are correlated due to multiple 
observations with the same measurement devices (Hastie and Tibshir
ani, 1986; Wood, 2017). As described by Wood (2017), GAM is a 
modeling technique where the impact of the predictive variables is 
captured through smooth functions (Eq. 1). 

g(E(Y)) = α+
∑p

i=1
f̂i(Xi)+ ε (1) 

where Y is the dependent variable, E(Y) denotes the expected value and 
g(Y) denotes the link function that links the expected value to the pre
dictor variables Xi − Xp. fi − fp denote smooth, non-parametric functions, 
i.e. the shape of the parametric functions is fully determined by the data 
and ε denotes the residual error. Each smooth fi or regression spline is 
represented by a sum of K simpler basis functions (bj,k), multiplied by the 
corresponding coefficients βj,k which need to be estimated (Eq. 2). 

fj
(
xj
)
=

∑k

k=1

(
βj,k • bj,k(xk)

)
(2) 

The coefficients were estimated using penalized maximum likeli
hood (Eq. 3) using the fast restricted maximum likelihood algorithm 
(fREML; Wood 2011). 

lr(β, λ) =
∫

f(y|β)f(β)d(β)+ λ
∫

fʹ́(t)2 (3) 

The penalty in model estimation reduces some basis coefficients to 
zero, which reduces the degrees of freedom to effective degrees of 
freedom (EDF), with more EDF implying more complex splines (Wood, 
2011). In addition, an extra penalty was added (double shrinkage), that 
if the smoothing parameter is large enough the coefficients will shrink to 
zero (Marra and Wood, 2011), which is useful to assess whether a 

predictor is adding anything to the model and can be used as variable 
selection technique and to avoid concurvity, the generalization of 
collinearity in a GAM setting. In the case of concurvity, the smooth term 
can be approximated by some combination of others and will result in 
unstable estimates. Further, the contribution of individual variables to 
the model were assessed using the “average shared variance method", 
for details see Lai et al. (2024).

The GAM models and the average shared variance were estimated 
with the mgcv-package (Wood, 2003, 2017; Wood et al., 2015, 2016) 
and the gam.hp package (Lai et al., 2024) in R (R Core Team, 2024). We 
fitted a temporal and a causal model to the data. In the temporal model, 
the temperature offset was modeled dependent on DOY, TOD for each of 
the seven species compositions and replications (28 pure and mixed 
plots in total). We included the interaction of DOY, TOD and species 
composition allowing daily patterns to vary by species and season, as 
well as a random effect for the sensor ID and year (Eq. 4). To capture 
seasonal and diurnal patterns, we used cubic regression splines placing 
knots for each month (k = 12) and each hour of the day (k = 24 and 
k = 12 for the DOY x TOD interaction). 

TOff = f(speciescomp,DOY, bs = c(“fs”, ”cc”)+ f(speciescomp,TOD, bs

= c(“fs”, ”cc”))+ f(species comp,TOD,DOY, bs

= c(“fs”, ”cc”, ”cc” ))+ f(SensorID, year, bs = ”re”)
(4) 

Conversely, the causal model incorporated the most influential 
physical factors which were solar radiation, wind and relative air hu
midity (see Introduction). These climatic variables were selected based 
on the literature review. Models with these climate variables as main 
effects or main effects and interaction, were not able to capture diurnal 
and seasonal patterns adequately, as indicated by the model residuals. 
We therefore included diurnal patterns via a distributed lag model and 
included DOY in the solar radiation term. A distributed lag model 
(Wood, 2017) quantifies the influence of physical factors through the 
cumulative sum of smooth functions, each corresponding to different 
time lags of these factors. In our analysis, we selected a lag duration of 
24 hours, aligning with the complete cycle of a day, to ensure all vari
ables were assessed with a one-day delay. This model structure is 
reasonable, since the temperature offset response lags behind several of 
the physical variables found in the data set. For instance, maximum 
temperature would be achieved approximately 2 hours after the 
maximum radiation. With a potential up to 24 lags, the nighttime 
component of temperature offsets could also be modeled. Since neither 
air humidity nor wind speed have distinct seasonal patterns, for these 
variables no lagged component was fit. The most important stand vari
able is LAI (see Introduction), which was included in the model. To 
allow in addition for species specific stomatal response, the relative 
humidity term was smoothed species specific. Also, in this model a 
random effect for the sensor ID and year was included. Cubic regression 
splines were chosen for the lagged component and thin plate regression 
splines for all other model terms. The model is written in Eq. 5. 

TOff = f(DOY,Radsolar, lag, bs

= ”cr” )+ f(wind, bs = ʹ́tṕ )́ + f(rel air humidity, species comp, bs

= ”fs”)+ f(leaf area index, bs = ʹ́tṕ )́ + f(SensorID, year, bs = re)
(5) 

Model residuals were homoscedastic, but heavy tailed and auto- 
correlated. Consequently, we chose the scaled t-distribution appro
priate for heavy tailed data and fit an autoregressive AR1 model to the 
residuals. Autocorrelation was nested within year and sensor ID and the 
autocorrelation coefficient, ρ, was set to 0.9. This adaptation yielded the 
wanted distribution of the model residuals. Concurrent models were 
selected based on Akaike’s information criterion (AIC) (Akaike, 1973) 
and on biological plausibility, for both the temporal and the causal 
model. R² and RMSE metrics were calculated for both models.
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3. Results

3.1. Descriptive Statistics

Offsets between the forest temperature and open-field temperature 
varied between − 12.5 ◦C and + 6.8 ◦C during the two observation years. 
On average the air under the forest canopy was − 0.47 ◦C colder. Tem
perature offsets were positive at night and negative during the day, with 
the minimum and maximum varying by season and species composition 
(Table 2). Pairwise comparisons of the mean forest temperature and 
mean temperature offset revealed no significant differences (p < 0.05), 
except for the mean forest temperature between Qr and ApTc in spring.

B-Tree is still a young plantation forest in the pole stage and the 
average LAI is increasing from 2020 to 2022 (Fig. 2). Over all three 
years, the mixtures ApTc, QrCb and All are among the plots with the 
highest LAIs. Among the monocultures, A. platanoides holds similar high 
LAI values as the mixtures, except in 2020, where Q. robur was the 
monoculture with the highest LAI values. A. platanoides dominated the 
LAI of the mixtures, while Q. robur and C. betulus showed a more 
balanced share of LAI in mixtures. The LAI of T. cordata in mixtures was 
consistently low.

At the start of our campaign in 2020, T. cordata began leaf abscission 
around DOY 259, whereas Q. robur did not start until DOY 294, and 
C. betulus still maintained most of its foliage into late September. By DOY 
320, T. cordata and A. platanoides had lost all leaves, while Q. robur and 
C. betulus retained about 10 % over the winter months. In 2021, A. 
platanoides and C. betulus reached bud break by DOY 91, while Q. robur 
and T. cordata started closer to DOY 115. That year, T. cordata initiated 
leaf shedding by DOY 244, whereas C. betulus started to shed its leaves 
by DOY 270, followed by A. platanoides by DOY 280, and Q. robur by 
DOY 300. Qr and Cb kept their foliage substantially longer (DOY 
305–314). In 2022, A. platanoides and C. betulus began flushing around 
DOY 97, whereas Q. robur and T. cordata remained dormant until around 
DOY 119. By then, A. platanoides was already ~75% leafed out, and by 
DOY 138 all four-species had fully expanded crowns. Despite these 
minor shifts in timing, no substantial phenological differences were 
observed between mixtures and monocultures, as each species followed 
its general pattern regardless of stand composition Fig. 3.

3.2. Seasonal and diurnal temperature offsets

The temporal model explained 45.3 % of the deviance and 65.9 % 
(R²) of the temperature variation, with a root mean square error (RMSE) 
of 1.13 ◦C. The model predicted maximum cooling effects of air tem
perature through forests of –6.00 ◦C and for warming effects + 2.40 ◦C.

Temperature offsets between the forest sub-canopy measurements 

and the open-field were positive in winter and negative in summer 
indicating a warming and cooling effect, respectively (Fig. 3, Supple
mentary Fig. A.2). For A. platanoides, the cooling effect started towards 
the end of bud break (Fig. 3, point D) and was c. − 0.4 ◦C when leaf 
unfolding was completed (Fig. 3, point E) around mid-May. The 
maximum cooling effect in A. platanoides monocultures was observed at 
summer solstice (Fig. 3, point F) with an average cooling effect of c. 
− 1.25 ◦C and cooling ceases when leaf fall is completed. The other 
monocultures and species mixtures showed similar seasonal patterns, 
modulated by phenology (Supplementary Fig. A.2) and species identity 
and is described further below.

Diurnal temperature cycles varied by season, exemplified for four 
characteristic time points throughout the year (Fig. 4). Temperature 
offsets were most pronounced around the summer solstice (Fig. 4 B) and 
least pronounced around the winter solstice (Fig. 4 D). End of bud break 
(Fig. 4 A) and the phenological start of fall (Fig. 4 C) showed tree species 
specific or intermediate temperature buffering, respectively.

Around bud break of the species Q. robur and T. cordata (30th April, 
DOY 120), A. platanoides and C. betulus stands had an early increase in 
cooling capacity (-1.7 ◦C) during the day and showed a higher warming 
effect during nighttime (+1.2 ◦C) compared to Q. robur and T. cordata (0 
◦C to +0.9 ◦C; Fig. 4). This reflects species dependent offsets in leaf 
flushing at the site (Fig. 3; Supplementary Fig. A.2). A. platanoides and 
C. betulus were the first species to start with leaf flushing (DOY 90) and 
showed a rapid leaf development, while the two other species were still 
dormant. Q. robur and T. cordata had a later start in leaf development 
resulting in a warming effect during daytime (+0.4 ◦C) around bud 
break (Supplementary Fig. A.2). During summer solstice (21st June, 
DOY 172) the complete set of the four species showed the highest 
cooling capacity of the year (-4.2 ◦C to − 5.2 ◦C), whereby A. platanoides 
and C. betulus showed a more pronounced cooling than Q. robur and 
T. cordata (Fig. 4). The highest warming effect during summer (up to 
+1.5 ◦C) occurred during nighttime. With the main phenological start of 
the leaf shedding (17th September, DOY 260), the general cooling ca
pacity of the stands declined to a maximum air temperature cooling of 
− 3.1 ◦C shortly before noon and a reduction of the nightly warming to 
+ 1.3 ◦C. Of all tree species, T. cordata initiated leaf shedding (very early 
in 2021 by DOY 244), which resulted in reduced air temperature cooling 
(Fig. 4 C). For winter solstice (21st December, DOY 355), the set of four 
species show little differences between night and day with temperature 
offsets ranging from − 0.2 ◦C to + 0.7 ◦C. The four investigated broadleaf 
species had a higher nighttime air warming effect compared to the open- 
field during the peak of the vegetation season. Throughout the winter 
and early spring, lower warming effects (between +0.3 ◦C and +1.2 ◦C) 
occurred during nighttime.

Temperature offsets in mixture are exemplified for the summer 

Table 2 
Mean meteorological seasonal forest temperature under the canopy and mean temperature offsets between the forest and the open-field measurements per species 
composition, negative values indicating a lower air temperature under the tree canopies. Species composition abbreviations: Ap (Acer platanoides), Tc (Tilia cordata), 
Qr (Quercus robur), Cb (Carpinus betulus), ApTc (Acer platanoides + Tilia cordata), QrCb (Quercus robur + Carpinus betulus), All (four-species mixture). Asterisks * mark 
significant differences of the mean forest temperature between species compositions. (one-way ANOVA with Tukey’s HSD test, p < 0.05; mean ± SD, n = 4).

Species composition Season Forest temperature [◦C] ± SD Temperature offset [◦C] ± SD Season Forest temperature [◦C] ± SD Temperature offset [◦C] ± SD

Ap Spring 11.0 ± 6.8 − 0.3 ± 2.1 Summer 20.6 ± 4.9 − 1.0 ± 2.8
Tc Spring 11.3 ± 6.9 − 0.1 ± 1.6 Summer 20.5 ± 5.0 − 1.1 ± 2.6
Qr Spring 11.4 * ± 6.4 − 0.1 ± 1.5 Summer 20.5 ± 5.0 − 1.2 ± 2.5
Cb Spring 10.9 ± 6.4 − 0.4 ± 2.0 Summer 20.4 ± 4.8 − 1.3 ± 2.7
ApTc Spring 10.6 * ± 6.7 − 0.7 ± 1.8 Summer 20.2 ± 4.9 − 1.4 ± 2.6
QrCb Spring 11.0 ± 6.9 − 0.3 ± 1.7 Summer 20.5 ± 5.0 − 1.1 ± 2.5
All Spring 11.1 ± 6.9 − 0.1 ± 1.8 Summer 20.7 ± 4.9 − 0.9 ± 2.6

Ap Autumn 11.1 ± 6.3 − 0.3 ± 1.8 Winter 2.6 ± 4.3 − 0.1 ± 0.7
Tc Autumn 10.8 ± 6.4 − 0.3 ± 1.7 Winter 2.6 ± 4.1 0.1 ± 0.6
Qr Autumn 10.8 ± 6.2 − 0.3 ± 1.8 Winter 2.5 ± 4.0 0.1 ± 0.7
Cb Autumn 10.7 ± 6.2 − 0.4 ± 1.8 Winter 2.4 ± 4.0 − 0.1 ± 0.7
ApTc Autumn 10.8 ± 6.3 − 0.4 ± 1.8 Winter 2.5 ± 4.2 − 0.1 ± 0.7
QrCb Autumn 11.1 ± 6.2 − 0.2 ± 1.8 Winter 2.8 ± 4.1 0.1 ± 0.7
All Autumn 11.2 ± 6.2 − 0.2 ± 1.8 Winter 2.8 ± 4.2 0.1 ± 0.6
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solstice (21st of June, DOY 172), which showed the most pronounced 
cooling effects in monocultures (Fig. 5, Fig. 4 B). Around noon, all three 
mixtures / species compositions (ApTc, QrCb and All; Fig. 5) showed an 
intermediate effect on temperature offsets, depending on the perfor
mance of their respective monocultures (Fig. 5). Interestingly, during 
nighttime, the two-species mixtures ApTc and QrCb (Fig. 5 A, B) caused 
a distinctly reduced warming effect (Δ 0.3 ◦C and Δ 0.6 ◦C, respectively), 
than the respective monocultures. Similar, the four-species mixture (All) 
showed a temperature offset effect at noon in between those of the four 
monocultures, reaching a similar maximum cooling effect (-4.7 ◦C), 
however, the reduced warming effect compared to the monoculture 
during the night (with +0.4 ◦C) was less distinct compared to the two- 

species plots.

3.3. Effects of solar radiation, wind, relative humidity, LAI and species 
composition on temperature variation

Similar to the temporal model, the causal model explained 44.9 % of 
the deviance and 65.9 % (R²) of the temperature variation, with a root 
mean square error (RMSE) of 1.13 ◦C. It estimated a slightly lower 
maximum cooling effect of − 5.0 ◦C and a warming effect of + 1.48 ◦C 
than the temporal model.

3.4. Solar radiation

The 24-hour lagged solar radiation predictor is a proxy for radiation 
emissions during the day and night for the selected DOYs 90, 120, 140, 
172, 260, 320 and 355 for an example species (Ap) (Fig. 6). The tem
perature buffering effect in early spring (Fig. 6 A, DOY 90) was char
acterized by a very flat lag0 curve, indicating an immediate forest 
warming effect between 0 and 300 W m− 2 radiation and no cooling for 
higher radiation in spring. Lag1 – lag5 equally showed a slightly 
increasing cooling effect with rising radiation. Subsequent lags showed 
little to no response over the whole radiation range, with their maximum 
effect at − 2 ◦C. With DOY 120 (Fig. 6 B), bud break was phenologically 
initiated. The leaf development differed between tree species 
(Supplementary Table A.1) and bud break started, depending on annual 
environmental factors, between DOY 90 and DOY 120. In Fig. 6 B, a 
slight warming effect for very low radiation values (60 W m− 2) could be 
still seen, which represented most likely dusk and dawn, followed by an 
increase in cooling capacity with higher radiation up to − 1 ◦C. This 
effect could be explained with early leaf development stages of the forest 
canopy.

At DOY 140 (Fig. 6 C) full leaf expansion was reached, which 
strongly enhanced the forest cooling capacity. Here, the same radiative 
force caused a more pronounced forest cooling effect, resulting in a 
steeper curve for the first 5 lags. At 750 W m− 2, the air temperature was 
reduced by over 2.5 ◦C. Higher lags were now starting to show a slight 
positive trend with increasing solar radiation, indicating a shift in the 
pattern. With a continuation of the vegetation season and higher 
average temperatures during day and night in summer, forest cooling 
effects climaxed around summer solstice (DOY 172, Fig. 6 D). Forest 
cooling effects were positively correlated with solar radiation, almost 
reaching − 4 ◦C of air temperature reduction with lag0. Although 

Fig. 2. Absolute leaf area index (LAI) at the B-Tree experimental site (Austria) in 2020 (A), 2021 (B) and 2022 (C). Numbers in the bars represent the proportional 
share of the tree species LAI compared to the absolute LAI in percent. Y-axis shows the absolute LAI in m2 m− 2, and the x-axis shows the different plot compositions 
for the four monocultures Ap (Acer platanoides), Tc (Tilia cordata), Qr (Quercus robur), Cb (Carpinus betulus) and the three different tree species mixtures ApTc (Acer 
platanoides + Tilia cordata), QrCb (Quercus robur + Carpinus betulus), All (four-species mixture). Letters mark significant differences of the mean LAI between species 
compositions. (one-way ANOVA with Tukey’s HSD test, p < 0.05; mean ± SE, n = 4).

Fig. 3. Seasonal pattern of temperature offsets at time of day (TOD 12) for 
A. platanoides (blue line) with a 5% confidence interval band (transparent blue). 
The letters mark important time points throughout the season (see Supple
mentary Table A.1): A (DOY 60), B (DOY 80), C (DOY 90, bud break 
A. platanoides + C. betulus), D (DOY 120 end of bud break Q. robur + T. cordata), 
E (DOY 140 leaf unfolding finished), F (DOY 172, summer solstice), G (DOY 
260, phenological start of leaf fall), H (DOY 290, leaf fall completed), I (DOY 
320), J (DOY 355, winter solstice). Y-axis: Temperature offsets in ◦C between 
forest plots and open-field measurements in the year 2021, X-axis: Day of the 
year DOY.
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showing significant cooling effects, prominent cooling effects decreased 
with increasing lag numbers (see lag 3–5 in Fig. 6 D). Unsurprisingly, the 
forest cooling capacity effects were most pronounced around summer 
solstice, 21st of June. The influence of radiation decreased with 
increasing lags. In late summer (DOY 260, Fig. 6 E), average day and 
night temperatures were still high, and the patterns are analogous to 
summer solstice results. However, the maximum cooling effect already 

started to decrease (maximum cooling about –3 ◦C at 600 W m− 2). At 
DOY 260, the pattern of the lags > 6 was reversed, which indicated 
increased radiation emissions during the night. With the start of fall and 
leaf shedding (DOY 320, Fig. 6 F) and winter solstice (DOY 355, Fig. 6
G), the curves flattened, and the cooling effect of the forest vanished and 
even went back to a slight warming effect around winter solstice with 
+ 0.2 ◦C for 100 W m− 2.

Fig. 4. Offsets in temperature between forest monoculture plots (Acer platanoides (Ap, blue), Tilia cordata (Tc, green), Quercus robur (Qr, orange), Carpinus betulus 
(Cb, yellow) and the open-field measurements in B-Tree, Austria. Subpanels show different temperature buffering effects of four different annual seasons A: DOY 120 
(end of bud break), B: DOY 172 (summer solstice), C: DOY 260 (phenological start of leaf fall), D: DOY 355 (winter solstice). Y-axis: Temperature offsets in ◦C 
between forest plots and open-field measurements in the year 2021. X-axis: time of the day in hours.

Fig. 5. Offsets in temperatures in mixed plots (ApTc, QrCb, All) compared to the respective monocultures at summer solstice (DOY 172); offsets calculated compared 
to open-field measurements in B-Tree, Austria. Subpanels (A-C) show temperatures in ApTc (dark green, A), QrCb (light blue, B), and All (black, C) stands. ApTc (Acer 
platanoides + Tilia cordata), QrCb (Quercus robur + Carpinus betulus), All (four-species mixture) and their monocultures (Ap (blue), Tc (green), Qr (orange), Cb 
(yellow)). Y-axis: Temperature offsets in ◦C between forest plots and open-field measurements in the year 2021. X-axis: time of the day in hours.
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The temporal lags of temperature offsets are exemplified for one of 
the forest plots (Ap2), which features A. platanoides, for multiple time
points throughout the year (DOY 60 – 355; Fig. 7). DOY 60, 80 and 90 
showed very little effect between 0 and 500 W m− 2 with the stands still 
leafless. Around the bud break of the later species Q. robur and T. cordata 
(DOY 120), as opposed to the earliest species (DOY 90), a maximum 
cooling of ca. − 0.8 ◦C was reached at 550 W m− 2. With rising solar 
radiation and ambient air temperature, the cooling capacity of forest 
stands increased. Subsequently this cooling effect was then modified and 
increased to ca. − 2 ◦C by rapid leaf development of the tree species, only 
20 days later (DOY 140) for the same radiation value. At summer solstice 
(21st of June, DOY 172), the curve reached its maximum cooling effect 
at 750 W m− 2 of ca. − 3 ◦C. With the beginning of autumn and 
decreasing ambient air temperatures and solar force, a reverse in the 
trend was detected and the cooling effect started to slightly decrease 
again. At the end of leaf fall, (DOY 290), the cooling effect and curve 
became even slightly flatter. Eventually, the lines for autumn and winter 
solstice (DOY 320, 355) approximated those of late winter / early string 
(DOY 60, 80, 90), although DOY 355 even showed a slight positive 
temperature effect for very low solar radiation (< 125 W m− 2).

3.5. Humidity, wind speed, and leaf area index

Tree species specific effects in temperature offsets in relation to the 
relative air humidity (macroclimatic) occurred (Fig. 8) and were dis
played for summer solstice (21st June, DOY 172), anticipating the most 
pronounced temperature offsets (Fig. 7). We generally observed higher 
temperature offsets under drier macroclimatic conditions (i.e., lower 
relative humidity) across all species compositions, with subsequent 
species-specific responses emerging at distinct thresholds. In detail, 
A. platanoides, Q. robur, T. cordata and QrCb stands showed a turning 
point in temperature offset close to 45 % relative air humidity, where 
the biggest temperature offset was reached, with approx. − 3.1 ◦C for 
Q. robur and T. cordata. The mixture ApTc and A. platanoides showed a 
similar response over the air humidity spectrum. The mixture QrCb had 
the least cooling capacity (-2.4 to − 2.9 ◦C) throughout the humidity 

spectrum, but only a weak response to dropping relative humidity levels 
lower than 45 %. The mixture All, which includes all species, showed an 
intermediate response over all species and compositions, maintaining a 
stable cooling effect. C. betulus showed a high thermal cooling even 
during low relative air humidity values, surpassing all other species 
compositions at lower humidity levels than 75 %.

For wind speeds below 7.5 m s− 1 we saw a cooling effect throughout 
the different plots in B-Tree (Fig. 9). With increasing wind speeds, the 

Fig. 6. Conditional plots of the causal model for a sequence of phenological dates (DOY 90, 120, 140, 172, 260, 320, 355) in the year 2021, listed in Supplementary 
Table A.1. Shown are the effects of solar radiation on the temperature buffering capacity of an example species (Ap2) in B-Tree, Austria. In the panels A-G the 
temperature buffering effect of the forest with 24 lags in one-hour timesteps from the start of spring A: DOY 90 until the winter solstice G: DOY 355 are shown. Panel 
H shows the 24 lags starting with lag0 in orange ending with lag23 in bright pink. Lag0 is the temperature estimation by the causal model for the given time, lag1 for 
the actual time + 1 hour and lag23 equals + 23 hours. Model parameters were fixed to 78 % relative humidity, LAI = 3.5 m2 m− 2, wind = 2.7 m s− 1, representing the 
medians. Y-axis shows temperature offset between the forest and the open-field in ◦C and x-axis the solar radiation in W m− 2. X-axis scales vary due to different solar 
radiation regimes between seasons. The x-axis of low radiation timepoints are limited in a maximum solar radiation; A: DOY 90 to max. 500 W m-², E: DOY 260 to 
max. 700 W m-², and F: DOY 320 and G: DOY 355 to max. 300 W m-². The x-axis of high radiation timepoints B: DOY 120, C: DOY 140, D: DOY 172 is set to 
875 W m-², corresponding to realistic values for these seasons.

Fig. 7. Temperature offsets between one of the forest plots (Ap2) and the open- 
field in ◦C (y-axis) and the solar radiation in W m− 2 (x-axis) across the year 
2021 (DOY 60–355) in different colored lines for lag0 of the model. Model 
parameters were fixed to 78 % relative humidity, LAI = 3.5 m2 m− 2, wind 
= 2.7 m s− 1, representing the medians. The lines are cut for non-realistic solar 
radiation values for the corresponding time of the year.

Fig. 8. On the y-axis the temperature offset between forest plots and the open- 
field is plotted in ◦C. The x-axis shows relative air humidity from 30 % to 
100 %. The graph shows differences of tree composition responses to relative 
humidity for summer solstice (DOY 172) in the year 2021. Model parameters 
were fixed to 500 W m− 2, LAI = 3.5 m2 m− 2, wind = 2.7 m s− 1, representing 
the medians. Shown are the three mixtures ApTc (Acer platanoides + Tilia 
cordata), QrCb (Quercus robur + Carpinus betulus), All (four-species mixture), 
and the monocultures of their constituent tree species Ap, Tc, Qr, Cb.

Fig. 9. On the y-axis the temperature offset between forest plots and the open- 
field is plotted in ◦C. On the x-axis wind in m s− 1. A 5 % lower and upper 
confidence interval was calculated for the temperature offset. We fixed the solar 
radiation to 500 W m− 2, the relative humidity and the LAI to their medians, 
78 % and 3.5 m2 m− 2, respectively.
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cooling effect vanished, and a warming effect could be identified. A very 
pronounced increase was found for the highest observed wind speeds of 
c. 15 m s− 1 (Fig. 9). Temperature difference almost linearly increased 
with increasing LAI (Fig. 10), but only within a small temperature 
magnitude (-0.3 ◦C to +0.3◦C).

4. Discussion

We utilized high-resolution temporal data from a homogenous 
experimental forest to explore temperature disparities between the 
forest and the open-field. Our analysis included direct LAI measures, 
which is rarely done in similar research. The temporal and the causal 
model, fitted using generalized additive models, allowed for a detailed 
analysis of species-specific, diurnal and seasonal patterns of hourly 
temperature data and allowed to quantify the effects of mixture on 
microclimate. Contrary to our expectations, the causal model, incorpo
rating solar radiation, wind speed, relative air humidity and LAI did not 
significantly outperform the temporal model in explaining the temper
ature variation offsets. Both models fit the data equally well, with a R² of 
66 % and RMSE of 1.13◦C. There were slight differences in the minimum 
and maximum predicted temperature offsets.

The temporal model predicted maximum cooling effects of air tem
perature through forests of –6.00 ◦C and for warming effects + 2.40 ◦C. 
Meanwhile, the causal model estimated a slightly lower maximum 
cooling effect of − 5.0 ◦C and a warming effect of + 1.48 ◦C. The cooling 
effects are notably higher than the monthly temperature offsets reported 
in existing literature, such as Haesen et al. (2021) with cooling of − 2.1 
± 1.6 ◦C in summer and warming of + 2.0 ± 0.7 ◦C in winter, or De 
Lombaerde et al. (2022), predicting global forest temperature offsets of 
− 2.92 ± 1.57 ◦C for cooling and + 0.96 ± 1.27 ◦C for warming. De 
Frenne et al. (2019) reports a global mean cooling effect of forests of 
− 4.1 ± 0.5 ◦C and a warming effect of + 1.1 ± 0.2 ◦C compared to open 
habitats, while Zhang et al. (2022) reported − 1.8 ± 2.6 ◦C (mean ± SD) 
and + 0.6 ± 2.1 ◦C for daily maxima in summer and daily minima in 
winter. Our findings are of similar magnitude with Upreti et al. (2017), 
who also account for diurnal temperature variation. Generalized Addi
tive Models (GAMs) can capture nuanced diurnal shifts well throughout 
the year and effectively model complex, nonlinear relationships without 
the need for predefined forms, although their optimal performance 
hinges on the careful selection of smoothness and requires large datasets 
and significant computational power (Wood, 2017). The multi-annual 

dataset with 3-hourly precision provides the quantity of data for these 
models. Acknowledging the limitations of the temperature 
micro-loggers, we note that deploying these loggers under forest can
opies during vegetation season helps mitigate radiation influence 
naturally. Nevertheless, we used functioning radiation shields for all 
sensors, including those in open-fields and during the leaf-off season, to 
further reduce sensor bias (Lundquist and Huggett, 2008; Maclean et al., 
2021a; Terando et al., 2017; van de Pol et al., 2016). Despite potential 
concerns over the sensor accuracy, such devices, validated by studies 
(Koenig et al., 2015, 2017; Quadri et al., 2021), offer reliable data for 
ecological research.

Our study distinguishes itself by considering hourly temperature 
cycles, leading to higher offset values. Furthermore, our analysis focused 
on pure deciduous broadleaf stands, diverging from other studies’ in
clusion of coniferous trees, which resulted in only marginal warming 
effects in winter. It is crucial to note whether offsets are based on daily 
averages or daily maximum temperature buffering, which is significant 
for plant and human health. The specifics of each model are elaborated 
in the subsequent sections.

4.1. Temporal model

The temporal model provides a robust framework for capturing the 
general temperature dynamics within forest ecosystems, adeptly 
reflecting the mean diurnal, weekly, monthly, seasonal, and yearly 
temperature responses of various tree species. Fig. 3 illustrates the 
consistent seasonal temperature patterns, with significant deviations 
corresponding to key phenological events, suggesting that the model is 
well-suited for capturing the overall trends of canopy-driven microcli
mate regulation. However, its ability to predict temperature extremes 
and peaks is constrained, largely due to its exclusion of weather condi
tions. While it aptly reflects an average temperature trajectory, as one 
might observe on a standard July day, it fails to encapsulate the acute 
variations associated with sudden climatic perturbations. Nevertheless, 
the high temporal resolution of the model allows to model even species 
specific phenological responses to temperature buffering (Fig. 4 A).

The diurnal temperature fluctuations play a critical role in plant 
physiology, influencing key processes such as photosynthesis, respira
tion, heat stress, and winter hardening (De Frenne et al., 2021; Gallou 
et al., 2023), which are more responsive to temperature extremes than to 
monthly means. Our temporal model is capable of capturing these 
diurnal temperature patterns, filling a gap left by many models that 
typically focus on seasonal rather than daily variations. Although 
diurnal effects are recognized for their significance, there remains a 
scarcity of models that uniformly depict these fluctuations across 
different seasons. In a similar study, Schnabel et al. (2024) documented 
a notable temperature buffering effect in young forest plantations, with 
maximum cooling observed during midday (-2.5 ± 0.2 ◦C) and warming 
effects peaking at midnight (+0.4 ± 0.04 ◦C). However, their study did 
not account for the interplay between seasonal and diurnal cycles. Our 
research aligns with their findings on the overall impact of forest tem
perature buffering but also elucidates the varying diurnal amplitudes 
across different seasons. In the spring, temperature buffering capacities 
are distinctly influenced by interspecies variations in phenological 
events such as leaf flushing. The phenological sequence—Carpinus 
betulus, Acer platanoides, Quercus robur, and Tilia cordata—remains 
consistent annually, with the time span for leaf emergence varying be
tween 13 and 17 days, and even up to 20–26 days across different years 
(Wesołowski and Rowiński, 2006). Autumn litter fall follows the reverse 
order of spring flushing, with C. betulus experiencing the longest leaf 
duration of 191 days, followed by Q. robur with 186 days and 
A. platanoides with 180 days, corroborating the findings for C. betulus 
and Q. robur by Asshoff et al. (2006). T. cordata had the shortest leaf 
duration of 134 days, which is consistent with previous observations (De 
Jaegere et al., 2016). Research on leaf fall triggers is limited, yet these 
species-specific leaf durations significantly influence annual cooling 

Fig. 10. On the y-axis the temperature offset between forest plots and the open- 
field is plotted in ◦C. Leaf area index in m2 m− 2 (LAI) on the x-axis. A 5 % lower 
and upper confidence interval was calculated for the temperature offset. We 
fixed the solar radiation to 500 W m− 2, relative humidity and the wind to their 
median, 78 % and 2.7 m s− 1, respectively.

M. Steinparzer et al.                                                                                                                                                                                                                            Forest Ecology and Management 583 (2025) 122582 

10 



capacity.
Our results reveal distinct species-specific cooling capabilities linked 

to differences in LAI, with A. platanoides and C. betulus outperforming 
T. cordata and Q. robur, particularly noticeable at summer solstice 
(Fig. 5). The higher LAI and prolonged leaf duration of A. platanoides and 
C. betulus suggest enhanced temperature buffering effect throughout the 
year. T. cordata and A. platanoides utilize their thinner leaves and 
simpler shapes for effective transpirative cooling, emphasizing the role 
of leaf morphology in microclimate regulations (Gebauer et al., 2012; 
Rahman et al., 2020). Conversely, the sparse canopy of Q. robur results 
in the smallest temperature buffering effect among the studied broad
leaved species, despite its ability to maintain high transpiration rates 
during water scarcity (Leuzinger and Körner, 2007). Tree species mix
tures showed stronger cooling effects than would be expected from the 
constituent species in monoculture, the cooling effect of the mixture was 
almost as large as that of the better cooling species, however never 
larger. Our findings corroborate the critical influence of canopy density 
and structure on temperature buffering, significantly impacting tem
perature buffering, as they modulate solar radiation interception and 
transpiration (Zhang et al., 2022; Schnabel et al., 2024). This is sup
ported by the work of Leuzinger and Körner (2007), who identified 
canopy density as a pivotal factor in temperature regulation within 
mixed-species forests. Our studied forest stands had a considerable 
buffering capacity despite their early developmental stage, supporting 
previous findings (Gillerot et al., 2022; Zhang et al., 2022; Schnabel 
et al., 2024). Mature forests typically demonstrate stronger cooling ef
fects and diminished diurnal temperature variations, suggesting a trend 
towards greater microclimatic stability in our study site over time 
(Gillerot et al., 2022; Lindenmayer et al., 2022).

The insights gained from our temporal model point to the significant 
role of species composition, phenology, and canopy structure in forest 
microclimate regulation. The model emphasizes the need for incorpo
rating species-specific physiological traits and interactions in predictive 
models to enhance our understanding of ecosystem functioning.

4.2. Causal model

Temperature offsets were modeled using causal predictors. A sig
nificant challenge we faced was the concurvity or collinearity among the 
climatic covariates and the subsequent variable selection. To address 
this, we guided our variable selection based on those commonly used in 
the existing literature. Global radiation, relative air humidity, wind 
speed, air temperature and precipitation were used as a set of macro
climatic variables affecting the microclimate (Chen et al., 1999; Maclean 
et al., 2021b) on hourly basis.

During the day, tree canopies provide shade and evapotranspirate, 
lowering surface temperature by absorbing shortwave radiation 
(Hutchison and Matt, 1977; Zellweger et al., 2019). Conversely, at night, 
particularly where tree cover is high, outgoing longwave radiation 
might be trapped leading to warmer temperatures. This effect is coun
terbalanced by daytime shading and is pronounced in areas with high 
tree cover, where cooler daytime soil temperatures extend the cooling 
effect into the night (Meili et al., 2021). The causal model demonstrated 
a limitation in predicting nighttime temperatures due to the absence of a 
variable indicating long wave radiation emission (Von Arx et al., 2012). 
The introduction of a 24-hour lagged solar radiation predictor (Fig. 6) 
partly compensated for this lack of direct nighttime outgoing radiation 
measures, by inferring proportionality between the daytime incoming 
radiation measured. This improved the model’s performance at night, 
capturing the essential cooling cycles. Measured incoming solar radia
tion was an excellent predictor explaining almost the entire variation of 
temperature offsets.

The model indicated that wind speed inversely affects temperature 
offsetting (Fig. 9), likely due to the open agricultural fields surrounding 
the study forest, leading to higher temperatures within the forest with 
increased lateral transfer of heat (Geiger et al., 2009). This is expected to 

reverse at night, but our study did not measure detailed wind profiles or 
canopy surface roughness, which are typically considered in mechanistic 
models (Meili et al., 2021). Although all of our sensors were placed in 
the center of stands, wind can modulate possible edge effects, which 
potentially penetrate and alter the microclimate of our relatively small 
experimental forest (Baker et al., 2016). However, studies with similar 
plot design do not discuss edge effects (Gillerot et al., 2022; Zhang et al., 
2022; Schnabel et al., 2024), we acknowledge that the microclimate is 
impacted by forest edges with varying distances (Davies-Colley et al., 
2000; Ewers and Banks-Leite, 2013).

The potential forest temperature buffering capacity is higher under 
drier conditions (Fig. 8), which is in agreement with Zhang et al. (2022)
and Von Arx et al. (2012). However, below 30 % relative air humidity, 
model confidence intervals are large due to scarcity in data. Low values 
of relative air humidity additionally influence several other possible 
factors, such as soil water deficiency, closure of stomata, high temper
atures with high evaporation demands of dry air. C. betulus showed a 
high thermal cooling even during low relative air humidity values, 
which might indicate very late closure of the stomata.

The LAI is the primary driver for cooling, indicating the significance 
of foliage traits and density in solar radiation transmission through the 
canopy (Von Arx et al., 2013; Hardwick et al., 2015; Rahman et al., 
2020). Species diversity enhances canopy density and structural 
complexity, often leading to higher LAI in mixed stands compared to 
monospecific stands, a phenomenon known as overyielding (Pretzsch, 
2014, 2019; Jucker et al., 2015; Pretzsch et al., 2016). These mixtures 
exploit different ecological niches, enhancing microclimate regulation 
through varied canopy architecture and drought resistance (Ehbrecht 
et al., 2017; del Río et al., 2021; Urgoiti et al., 2022; Zhang et al., 2022). 
This positively enhanced cooling effect can be explained by niche 
complementary, in particular an improved filtering of incoming radia
tion by the combination of light demanding and shade tolerant tree 
species as also observed by Zhang et al. (2022). Typically, the investi
gated tree species form two-layered stands, resulting in a better vertical 
distribution of foliage also beneficial for cooling (Ehbrecht et al., 2019). 
Particularly notable mixture effects are seen in combinations like 
light-demanding Q. robur with shade-tolerant C. betulus, and 
A. platanoides with T. cordata. However, in the latter pairing, 
A. platanoides begins to dominate over T. cordata (Fig. 2). The elevated 
LAI in these mixtures leads to enhanced cooling effects compared to 
what would be expected from the individual species (Fig. 5). However, 
an anomaly occurred in 2020 when Q. robur led in LAI, suggesting 
variability in leaf area linked to annual climatic fluctuations, a pattern 
also reflected in tree growth studies (Strieder and Vospernik, 2021; 
Vospernik et al., 2023). Intriguingly, the four-species mixture exhibited 
the highest LAI but only an intermediate thermal buffering capacity. 
This suggests that any overyielding effects in these mixtures are less 
significant than in two-species combinations, possibly due to balancing 
positive niche complementarity against competition among species with 
similar traits (Werner et al., 2024). Nevertheless, the contribution of 
species mixtures to thermal buffering is nuanced and varies by specific 
species combinations and site conditions (Gillerot et al., 2022; Zhang 
et al., 2022; Schnabel et al., 2024). In addition to the species and mixture 
effects mostly attributable to differences in LAI, there was a small 
additional LAI effect, which reflects between plot and between year 
differences in LAI. Within the same species, a denser canopy seems to 
slightly decrease cooling effects (Fig. 10). Note, however, that all our 
plots exhibited full crown closure in all three years studied.

Precipitation was found to be a weak predictor of temperature off
sets, likely due to the monthly temporal resolution of the data. It is also 
possible that the impact of precipitation is significantly delayed, 
meaning it could influence temperatures, particularly if there are 
considerable hot days following that could be mitigated through 
evapotranspiration (ET). Tree evapotranspiration emerged as a critical 
factor in air temperature regulation, more effectively cooling the air 
when tree cover is dense (Von Arx et al., 2013; Zellweger et al., 2019; 
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Haesen et al., 2023). Nonetheless, due to its proxy nature for various 
parameters and the resulting collinearity, evapotranspiration was 
omitted from the final causal model.

The applicability of our models is limited to lowland areas with 
specific radiation regimes. In higher elevations, differing radiation and 
temperature conditions necessitate tailored modeling approaches for 
accurate temperature buffering predictions by forests.

5. Conclusions

We investigated four understudied broadleaf species, namely small- 
leaved lime (Tilia cordata Mill.), Norway maple (Acer platanoides L.), 
common hornbeam (Carpinus betulus L.), and pedunculate oak (Quercus 
robur L.), and compared monocultures versus mixtures for their tem
perature buffering effect. Species identity and corresponding traits, such 
as LAI and phenology, strongly modify these effects, with air tempera
ture buffering being most pronounced around summer solstice. The 
macroclimatic variables solar radiation, relative air humidity, wind 
speed and LAI played significant roles in modeling temperature offsets 
between open-field and forest. A. platanoides and C. betulus showed 
earlier air temperature cooling in spring and higher cooling capacities 
than Q. robur and T. cordata during summer. Although an overyielding 
effect in terms of LAI was already described in our experimental forests, 
we also found a similar enhancement of temperature buffering capacity 
for the two-species and four-species mixtures – a benefit for ecosystem 
services that remains underreported in many studies.

Responses of mixed species compositions on air temperature showed 
increased cooling effects compared to the constituent species with the 
least cooling capacity. The two-species mixtures provided temperature 
buffering capacities nearly matching their highest-performing mono
culture, reflecting strong niche complementary but not surpassing the 
top single species. In contrast, the four-species mixture achieved highest 
LAI, yet showed only intermediate temperature buffering, suggesting 
competition among similar species traits reduced overall gains.

These results have direct practical implications for forest managers 
and urban planners, especially in regions facing increased temperature 
variability. For example, A. platanoides and C. betulus may be prioritized 
in areas where enhanced cooling is desired. Our findings support the use 
of diverse forest stands and species selection to enhance thermal sta
bility, human thermal comfort, and forest resilience. Mixed-species 
plantings can be strategically used in urban forestry efforts to optimize 
climate adaptation benefits.

To get a better general understanding of the air temperature buff
ering effect of forests and its effects on human health, future research 
should examine a wider range of forest types, age classes, and tree 
species compositions (including conifers) across altitudinal gradients. 
This would help refine species selection and stand composition strate
gies to maximize ecosystem services under changing climate conditions.
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