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• Model simulates urban tree growth and 
ES provision.

• Climate change reduces tree growth via 
increased water stress.

• Carbon sequestration and PM10 filtra
tion decline under climate change.

• In contrast, local climate regulation in
creases under extreme temperature 
scenarios.
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A B S T R A C T

Urban trees represent a key nature-based solution and an essential component of green infrastructure, providing 
multiple ecosystem services but increasingly subjected to environmental stressors. We present a dynamic, 
mechanistic, and individual-based model designed to simulate growth of urban trees and associated ecosystem 
services supply under varying climate conditions. The model is modular, runs at daily temporal resolution and 
incorporates key biological processes including photosynthesis, water limitation and biomass allocation. It 
simulates single-tree growth and quantifies ecosystem services, e.g., carbon sequestration, air filtration, local 
climate regulation, using species-specific parameters and climate forcing. The model was calibrated and tested in 
a pilot application in Milan, simulating long-term growth of three common broadleaved species (Platanus x 
acerifolia, Populus nigra and Robinia pseudoacacia) across different planting ages and climate scenarios. This 
approach advances urban tree modelling by combining individual-based daily simulation of mechanistic pro
cesses with operational calibration using standard inventory data. A multi-objective calibration was used to fit 
stem diameter and crown width, and sensitivity analyses assessed parameter robustness and uncertainty prop
agation. Results show realistic growth trajectories with clear species–age contrasts. Tree growth declines under 
stronger climate forcing, and ecosystem service provision scales non-linearly with age, with mature trees 
providing substantially greater benefits. Carbon sequestration and air filtration decrease under extreme sce
narios, whereas local climate regulation exhibits a compensatory response: lower productivity is offset by higher 
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evaporative demand, yielding stable or slightly increased evapotranspiration-based cooling. Thus, the model 
provides a novel tool to support urban forestry planning, species selection, and long-term service assessment.

1. Introduction

Urban areas are increasingly exposed to environmental challenges 
driven by climate change, including intensified heat waves, altered 
precipitation patterns, and degraded air quality (Cheval et al., 2024; 
Intergovernmental Panel on Climate Change, 2023). In this context, 
urban greening has emerged as a critical action to locally mitigate some 
of these impacts by regulating microclimate, enhancing air filtration, 
and improving stormwater retention (Babí Almenar et al., 2021; Ernst 
et al., 2022; Pugh et al., 2012). These positive outcomes are often 
referred to as ecosystem services (ES). Among the different components 
of urban greening, trees play a central role: due to their size, structure, 
and longevity, they provide disproportionate levels of ES compared to 
other vegetated features, and act as long-term regulators of urban 
environmental quality (Pataki et al., 2021; Pearlmutter et al., 2017). 
However, in order to quantify and plan for these services, especially 
under uncertain future conditions, it is essential to model the dynamics 
of tree growth, as it directly determines the capacity of trees to deliver 
ES over time (Elliot et al., 2019; Rötzer et al., 2021). Accurate dynamic 
modelling must explicitly consider both the spatial and temporal di
mensions of tree-environment interactions to reliably simulate ES pro
vision (Franklin et al., 2012; Moustakas et al., 2019).

Regarding the spatial dimension, working at a sufficiently detailed 
resolution is essential when modelling urban trees. Often, urban trees 
are planted as isolated individuals or organized in linear formations (e. 
g., along streets or in small green patches) rather than in large contin
uous stands. In these settings, using coarse spatial grids becomes prob
lematic because they fail to capture the heterogeneity of urban land 
cover, typically a fine-grained mosaic of impervious surfaces, vegetation 
patches, and built structures (Boehnke et al., 2022). While grid-based 
models offer advantages in terms of spatial exhaustiveness and 
simplicity, they assume internal homogeneity within each grid cell, 
which limits their accuracy when applied to spatially complex condi
tions (Seidl et al., 2012). To overcome this, an individual-based 
modelling approach may offer a more suitable alternative. It permits a 
more accurate representation of spatial heterogeneity, species-specific 
traits, localized disturbances, and site-specific management, making it 
a particularly effective approach in dense and fragmented urban envi
ronments (Lin et al., 2019).

Regarding the temporal dimension, it is important to work at the 
proper time resolution since different ecological processes operate over 
distinct time scales (Almeida and Sands, 2016). For example, photo
synthesis and evapotranspiration vary on an hourly basis in response to 
meteorological conditions, while biomass accumulation, leaf phenology, 
or carbon storage change more gradually over longer time scales. 
Selecting an appropriate time step for each process is therefore critical to 
maintain model realism, ensure sensitivity to environmental variability 
and thus ES provision (Duarte Rocha et al., 2022; Rau et al., 2020). 
Assuming that trees are static over time can lead to significant inac
curacies, especially when assessing their performance under non- 
stationary environmental conditions, such as those caused by climate 
change. In particular, static models risk underestimating or mis
representing temporal variations in ecosystem service delivery, such as 
carbon sequestration capacity or microclimate regulation over time. For 
instance, coarse temporal resolution can obscure the effects of extreme 
events, e.g., heatwaves and droughts, which often occur over short 
timescales but have disproportionately large impacts on tree physiology 
and service delivery (Cregg and Dix, 2001; Teskey et al., 2015). Simi
larly, long-term trends such as urban warming, increasing aridity, or 
altered seasonal dynamics cannot be captured without modelling 
growth as a dynamic and time-dependent process (Eickenscheidt et al., 

2019; Esperon-Rodriguez et al., 2025). Therefore, to effectively support 
the planning of urban greening under future climate scenarios, tree 
models should be structured to operate at high temporal resolution, to 
accurately simulate processes driven by radiation, temperature, and 
water availability.

Several models have been developed in recent years to estimate ES 
provided by urban trees and to simulate their growth under different 
conditions. These include widely used tools such as i-Tree (https:// 
www.itreetools.org), which offers robust estimates of ES based on 
empirical inventories, as well as more spatially explicit frameworks like 
InVEST (https://naturalcapitalproject.stanford.edu/software/invest), 
which incorporate land use data and simplified vegetation modules. 
While these tools have greatly contributed to the operationalization of 
urban ES assessments, they are typically static or rely on average allo
metric relationships, which limit their responsiveness to dynamic factors 
such as extreme weather events, long-term climatic shifts or changes in 
management. Beyond these mainstream tools, a few process-based or 
hybrid models are emerging that seek to incorporate more environ
mental dynamism into the modelling of urban vegetation and their ES 
supply. Among the more recent modelling efforts, CityTree (Rötzer et al., 
2019) represents an important step toward individual-based, process- 
oriented simulations of urban trees. It integrates photosynthesis, water 
balance, and stomatal regulation, allowing hourly resolution of tran
spiration and growth processes. Despite the many advanced features, the 
tree's annual growth dynamic is a priori fixed, and thus the model is less 
responsive to climate change. A related model by Rötzer et al. (2021)
focuses on interspecific variability in water use and drought response 
across different urban tree species, highlighting the role of physiological 
traits in ES delivery under stress. UrbanTree (Tams et al., 2023) builds on 
these foundations to simulate evapotranspiration and water stress dy
namics in urban environments, considering the effects of shading and 
local microclimate on tree function. While it provides high temporal 
resolution, it does not include a dynamic growth component. In parallel, 
the model proposed by Babí Almenar et al. (2023) adopts a system dy
namics approach to simulate the long-term evolution of urban trees and 
their ES supply, incorporating processes such as tree mortality, which is 
influenced by species drought tolerance, site conditions, and vegetation 
management. These models mark significant progress in urban tree 
modelling, yet they remain limited in their capability to deal with future 
climate scenarios. This highlights that there is still the need for inte
grated, modular, and climate-sensitive models tailored specifically to 
the complexity of urban forestry.

This paper presents a novel model, DynaTree, that adopts a mecha
nistic, dynamic, and individual-based approach to simulate the growth 
of urban trees and their provision of ES. The aim is addressed through 
three specific objectives: 

i. to develop the conceptual and mathematical scheme of the 
model;

ii. to adapt the model to Milan, as a pilot case study, including 
calibration for three tree species and sensitivity analysis of key 
model parameters;

iii. to apply the model to assess the responses of the selected tree 
species across different planting ages and climate scenarios.

DynaTree is termed mechanistic because it represents the causal 
processes driving tree growth and ES supply, thereby avoiding exclusive 
reliance on empirical or statistical correlations. This approach enables 
the simulation of future conditions, such as those projected under 
climate change scenarios, without extrapolating beyond the domain of 
known data. The model is designed to offer a robust yet interpretable 
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representation of key biophysical processes, to understand how tree 
growth and ES supply respond to environmental changes over time. It is 
also developed to be accessible, ensuring simple interpretation and use 
by both expert modellers and practitioners in forestry, urban planning, 
and related fields.

2. Methods

2.1. Model description

As visually sketched in Fig. 1, DynaTree is composed of a main core 
(Tree Biophysical Processes), which is informed by the inputs, and 
subsequently allows the calculation of ES in the dedicated module. This 
scheme reflects the logic of the ES cascade frameworks and the SEEA-EA 
accounting structure (United Nations et al., 2021). According to these 
frameworks, in order to monitor and measure the provision of ES, it is 
first necessary to model or gather data on the ecosystems' biophysical 
structure, along with the underlying ecological processes and functions 
producing the services. Only after these steps have been accomplished 
can the supply of ES be estimated.

The model is informed by abiotic input data, specifically meteoro
logical and pollution time-series. For the calibration processes and for 
initializing the simulations, tree and soil data are also needed, such as 
the tree diameter at breast height (DBH), crown diameter (CD), tree age 
and species.

The Tree Biophysical Processes core describes the processes related 
to the growth of a single plant, and it is composed of four modules: 
photosynthesis, carbon allocation and biomass growth, hydrological 
balance and tree morphology. This last module does not represent a 
process-based module in itself; rather, it describes how the tree biomass 
is distributed through time in each of the four model state variables: 
Leaves L(t), Branches B(t), Stem S(t), and Roots R(t). This splitting into 
multiple variables permits, for example, to model the biomass of leaves 
as linked to, yet separated from, the ligneous part or the tree, and thus to 
better describe the aboveground size of the tree, which is measured in 
terms of biomass of branches and stem.

DynaTree is complemented by an ES module, which takes as inputs, 
together with the values of other parameters, also the values of the state 
variables computed through time t by the equations of the Tree Bio
physical Processes core. It comprehends different independently calcu
lated ES, which can be added, activated and deactivated depending on 
the specific objectives of the analysis and the availability of data.

The model was coded in R, making use of basic libraries, such as 
tidyverse. The only package used for a specific function and purpose has 
been mco for applying the model calibration, making use of NSGA-II 
genetic algorithm.

2.1.1. Photosynthesis
The first module simulates tree photosynthesis, the primary driver of 

biomass accumulation and energy input into the system. Rather than 
describing photosynthesis at the biochemical level, DynaTree adopts a 
simplified, yet well-established, empirically informed formulation that 
relates productivity to canopy surface and environmental constraints 
(Bahrami et al., 2022; Running et al., 2000; Zhang et al., 2015b), 
through the equation: 

NPP = ϕnet*CA*ηenv 

where the net primary productivity NPP 
[
kgC/day

]
is estimated via the 

product of the specific net photosynthetic rate ϕnet 
[
kgC/day/m2], the 

crown area CA 
[
m2], and a reduction factor ηenv [ − ] capturing envi

ronmentally induced limitations on potential productivity of the tree. 
Ideally, ηenv can depend on various environmental conditions (Pei et al., 
2022), but, to minimize complexity, we assume dependence on water 
availability only, since it has been recognized to be the major limiting 
factor for tree growth in urban settings (Clark and Kjelgren, 1990; Dale 
and Frank, 2022). The quantitative methods used to describe ηenv, as well 
as to assess the crown area CA, are described respectively in Sections 
2.1.4 and 2.1.3. As for ϕnet, we calculate it as proportional, through 
various efficiency factors, to the incoming solar radiation Rad 
[
MJphotons/m2]. The specific units employed here, while not always 

consistent with the standard one, were deliberately chosen here to 

Fig. 1. Schematic structure of the DynaTree model. Inputs (e.g., climate, pollution) feed into the Tree Biophysical Processes core, which simulates photosynthesis, 
carbon allocation and organs' growth, hydrological balance, and tree morphology (by splitting the tree biomass into leaves, branches, stem, and roots). Outputs from 
this inform models for ecosystem services (e.g., carbon sequestration, air filtration, local climate regulation), which can be activated as needed.
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maintain a direct consistency with the foundational literature cited, 
which is the most prominent in carbon allocation and light use efficiency 
modelling. Using the Beer-Lambert law, under the assumptions that both 
leaves and crown act as homogeneous media, as in Landsberg and 
Waring (1997), we set: 

ϕnet = ηnet*ϕgross 

ϕgross = ηLAI*ηLUE*PAR 

ηLAI = 1 − e− k2*LAI 

PAR = ηPAR*Rad 

where ηnet represents the net efficiency of primary production, whose 
value is assumed equal to 0.45 [ − ] (Landsberg and Waring, 1997), ϕgross 

is the specific gross primary productivity 
[
kgC/day/m2]. PAR represents 

the photosynthetic active radiation 
[
MJphotons/m2], while ηLAI is the 

canopy radiation extinction term (Forrester, 2014; Natr and Lawlor, 
2005), an adimensional factor [ − ] dependent on leaf area index LAI [ − ]

in an increasing yet saturating way. The light extinction coefficient 
regulating saturation k2 [ − ] is an empirical parameter whose value is 
usually set in the range 0.4–0.7 (Natr and Lawlor, 2005; Smith, 1993) 
and calibrated in this study using data from Milan (see Section 2.2). ηLUE 
is the light use efficiency 

[
kgC/MJphotons

]
, and its value is set to 0.0036, as 

derived from the value of 0.063 
[
molC/molphotons

]
found in tree traits 

database TryDB (Kattge et al., 2020) (Table S1, Supplementary mate
rial). Lastly, ηPAR is the fraction of radiation usable by the tree, equal to 
0.5 [ − ] (Landsberg and Waring, 1997).

2.1.2. Allocation and growth
The second module governs biomass allocation and loss, providing a 

simplified representation of how NPP is dynamically distributed across 
tree compartments. The structure of this module is based on a set of 
differential equations describing biomass accumulation and depletion 
over time in each relevant tree compartment i, elaborated from those 
presented in Bevacqua et al. (2021): 

dL(t)
dt

= NPP*ϵL − lL*L(t)

dB(t)
dt

= NPP*ϵB − lB*B(t)

dS(t)
dt

= NPP*ϵS − lS*S(t)

dR(t)
dt

= NPP*ϵR − lR*R(t)

The dimensionless parameter ϵi represents the allocation of NPP to 
the compartment i (as detailed below) while the parameter li [1/day] is 
the compartment-dependent decay rate regulating the biomass loss that 
accounts for the reduction of biomass in the tree compartment i. The 
energy entering through photosynthetic carbon uptake in the system via 
NPP is dynamically allocated to each compartment (L, B, S and R) and 
leaves the system proportional to the stock of biomass in the compart
ment. The allocation coefficients ϵi are dimensionless and defined as 
follows: 

ϵL = a 

ϵB = (1 − a)*(1 − eBG)*
(
1 − eS,B

)

ϵS = (1 − a)*(1 − eBG)*eS,B 

ϵR = (1 − a)*eBG 

The parameter a regulates seasonal energy allocation to leaves. As no 

clear references exist, we adopted a simplified formulation to approxi
mate the natural dynamics of broadleaved deciduous trees. A low 
baseline (a = 0.01) is assumed for the most of the year, increasing in 
spring (a = 0.5) to mimic budburst and then declining, capturing the 
essential phenological pattern. The timing is determined by a budburst 
function based on temperature accumulation (Malyshev et al., 2024; 
Murray et al., 1989; Prentice et al., 1992), further explained in Sup
plementary material, Appendix A. The belowground allocation coef
ficient ϵBG can vary between 0.23 and 0.8 depending on tree stress level, 
as reported by Landsberg and Waring (1997). For Milan, we estimated 
an average value of 0.3 under typical annual conditions, which was 
adopted as the fixed coefficient in the model. The parameter governing 
the allocation split between stem and branches eS,B, cannot be directly 
derived from equivalents available in the literature. However, reported 
stem-to-branch biomass ratios typically range from 2.5 to 3.5 (He et al., 
2023; Martin et al., 1998). The parameter was thus not directly fixed but 
empirically calibrated, constraining it between 0 and 1 (as it represents 
the fraction of biomass allocated to each compartment), so that the 
resulting model outputs respected stem-to-branch biomass ratios range 
during the calibration phase.

The loss coefficient l varies by compartment. For leaves, lL includes a 
baseline of 0.1% per day (Meier et al., 2006), representing a minimal 
continuous loss. For temperate deciduous species, lL is increased in 
autumn to simulate leaf fall, reducing leaf biomass to near-zero (full 
details in Supplementary material, Appendix A). For stem and branches, 
no robust values of loss coefficient were found in the literature; thus, the 
loss coefficients lS and lB were calibrated (as visible in Section 2.2). 
Instead, for roots, the turnover coefficient lR was set to five times the 
value of lS, based on internal model consistency and intermediate vali
dation tests. Although this represents a simplification, it is justified 
because root biomass does not directly affect tree growth in the current 
model.

2.1.3. Tree morphology
This module consists of equations that translate the internal biomass 

dynamics into morphological attributes. These attributes are indeed 
essential to link physiological processes with ES supply, as they mediate, 
for example, light interception or pollutant filtering capacity. The 
identified relationships are species-specific and are derived either from 
geometric assumptions based on tree morphology or from allometric 
functions.

The calculation of the crown projected area, abbreviated as CPA and 
measured in 

[
m2], is based on the relationship between branch biomass 

(B) and crown extension. Following empirical studies on tree architec
ture (Drew and Flewelling, 1977; Kuuluvainen, 1991), we use the clas
sical power-law formulation with a 2/3 exponent: 

CPA = k1*B2 /3 

where k1 is a species-specific parameter calibrated so as to best fit 
available data.

To obtain the crown area CA, we can multiply CPA by a form factor 
(ff) that accounts for the species-specific crown shape: 

CA = CPA*ff 

Crown shapes used in this study were classified as expanded, round, 
oval, pyramidal or fastigiate following an Italian urban tree catalog 
(https://ambiente.regione.emilia-romagna.it/it/radiciperilfuturoer/a 
lberi-per-la-citta), assigning the following form factor values: 1 for 
round and expanded crowns, 1.25 for oval and pyramidal shaped 
crowns, and 1.5 for fastigiate crowns. CPA is typically assumed to be 
circular, thus, the crown diameter CD is estimated as the diameter of a 
circle with area equal to CPA.

Leaf area LA 
[
m2] and leaf area index LAI [ − ] are respectively 

calculated as: 
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LA = L*SLA 

LAI = LA/CPA 

in which SLA refers to the specific leaf area, measured in m2/kgdry matter, 
sourced from TryDB database (Kattge et al., 2020) with the values 
available in Table S2 (Supplementary material). SLA values are then 
converted from dry matter to carbon-based units using a fixed ratio of 2 
kgdry matter./kgC (De Vries et al., 2006; Keith et al., 2009). LAI maximum 
value is then set to 5 (Kimm and Ryu, 2015; Moser-Reischl et al., 2025), 
to ensure reasonable values and prevent overestimation of light 
interception.

Above-ground biomass (AGB) is considered to be equal to S+ B, to 
account only for the woody compartments. Diameter at breast height 
(DBH) is estimated from the following literature-derived allometric 
equations (Annighöfer et al., 2012; Fortier et al., 2017; McPhearson 
et al., 2013): 

AGB = aDBHb 

DBH = a− b− 1 AGBb− 1 

where parameters a and b are derived from literature and their values 
are reported in Table S3 of Supplementary material. Even though the 
overarching conceptual framework of the model aims to minimize the 
reliance on empirical equations, allometric functions are employed here 
as a bridge to translate biomass into measurable structural dimensions of 
the tree.

2.1.4. Hydrological balance
This module quantifies the water availability in the soil so as to set 

one of the most important abiotic conditions that determine whether the 
tree is growing under optimal conditions or experiencing heavy stress 
due to water scarcity.

The soil water dynamic is here described through a simplified hy
drological balance equation: 

dW(t)
dt

= Prec(t) − Int(t) − Run(t) − ETa(t)+ Irr(t)

where W(t) is the water level at time t [mm], Prec is the precipitation 
[mm/day] directly derived from data, Int is the interception [mm/day], 
Run is the runoff [mm/day], ETa is the actual evapotranspiration 
[mm/day] and Irr is the irrigation [mm/day]. Irr can be manually changed 
to represent the management option adopted for the tree. Int is calcu
lated as a fixed percentage p1 of Prec, and in the same way, Run is a fixed 
percentage p2 of the precipitation remaining after interception. For 
simplicity, both p1 and p2 are set to 10%, providing a consistent 
approximation of water availability for the tree. Although these fixed 
values underestimate some reported in literature (Cai et al., 2024; Xiao 
and McPherson, 2011; Zabret and Šraj, 2019), they provide a consistent 
and simple approximation of water availability for the tree. When the 
water level W exceeds the total available water TAW, its level is set back 
to TAW (further explained in Supplementary material, Appendix A). In 
general, this approach was taken to maintain model simplicity, as the 
goal is not to simulate detailed soil hydrology but to approximate the 
water available for the tree.

ETa is calculated as described in the Crop Evapotranspiration 
Guidelines of FAO (Allen et al., 1998) as: 

ETa = ETp*Kc*Ks(W)

in which ETp is the potential evapotranspiration [mm/day], Kc is the crop 
coefficient [ − ] and Ks is the water stress coefficient [ − ] that is 
dependent on the water in soil W. More precisely, ETp is calculated 
according to the Hargreaves-Samani method (Hargreaves and Samani, 
1985); Kc is dynamically described in the same way as ηLAI, as described 

also in Chapter 9 of FAO Guidelines (Allen et al., 1998).
Ks is instead the reduction of the evapotranspiration dependent on 

water scarcity (Allen et al., 1998) and is calculated as: 

Ks =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

1, W > RAW

W
TAW − RAW

, W ≤ RAW 

in which TAW is in [mm], and RAW readily available water [mm], which 
is the portion of TAW in which the water is free to move and so to be 
uptake by the plant (Supplementary material, Appendix A). The stress 
coefficient Ks is then directly used to compute the environmental 
modifier of photosynthesis ηenv. This means that the photosynthetic rate 
decreases linearly from optimal (ηenv = Ks = 1) to null (ηenv = Ks = 0) as 
water availability drops below critical thresholds.

2.1.5. Ecosystem services
The ES module, which can in principle account for various other 

services, is composed here of the following three ES: Carbon Seques
tration, Air Filtration, and Local Climate Regulation. These were 
selected due to their primary relevance in enhancing urban livability 
and in contrasting and mitigating climate change (Babí Almenar et al., 
2021; Castellar et al., 2021; Li et al., 2025). Each ES sub-module is 
directly fed by variables computed through time to account for bio
physical processes of the tree, with outputs aggregated over time 
whenever needed.

Carbon Sequestration is estimated as a direct function of NPP, 
expressed in kgC/day. The total carbon sequestered from the atmosphere 
is obtained by simply integrating NPP over the simulation period of 
interest.

For Air Filtration, the model only considers dry deposition of PM10, 
which can be calculated according to the resistance analogy method for 
PM10 (Manes et al., 2016; Nowak, 1994). The formula used here is 
derived from the formulation of Babí Almenar et al. (2023): 

PM10,filtered = 0.5*Vd*LA*PM10*ηprec*10− 9 

where PM10,filtered is the flux of PM10 deposited on leaves in kgPM10
/s, Vd is 

the deposition velocity [m/s], PM10 is the concentration of particulate 
[
μgPM10

/m3] and ηprec is a boolean factor to skip wet deposition during 
rainy days (e.g., those when precipitation is above 1 mm). As for Vd is 
parameterized here as in Yang et al. (2005): 

Vd = max(0.0014,0.0064LAI/6)

Local Climate Regulation is defined as proportional to the actual 
evapotranspiration of trees, through factors that convert the amount of 
evapotranspirated water into kilowatt-hours (kWh) of energy- 
equivalent cooling (Babí Almenar et al., 2023; Moss et al., 2019). 
Following the amending EU Regulation on environmental economic 
accounts (European Union, 2024), to account for days in which local 
climate regulation is relevant, the maximum temperature must be above 
25 degrees. To convert evapotranspiration values into energy savings, 
defined in kWh, the following formula is used: 

Local Climate Regulation = λ*ETa*CPA*0.2778*(1.5/35)

λ = 2.501 −
(
2.361*10− 3*Tmean

)

where λ represents the latent heat of evaporation [MJ/kg], which varies 
with the mean daily temperature (Tmean). The factor 0.2778 is the con
version factor from megajoules to kilowatt-hours, while the ratio 1.5/35 
reflects the coefficient of performance of the reference air conditioning 
system, indicating that 1.5 kWh of electricity is required to provide 35 
kWh of cooling. This air conditioning performance reference is consis
tent with the one used in Moss et al. (2019), and should be progressively 
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aligned with the efficiency of man-made cooling systems.

2.2. Calibration and sensitivity analysis

The parameters subject to calibration were those lacking reliable 
literature values or considered to be largely empirical: 

• k1: the correlation factor between B and CPA;
• k2: the light extinction coefficient;
• lS: the stem biomass loss;
• lB: the branch biomass loss;
• eS,B: the mass allocation coefficient between branches and stem.

The calibration process was performed using the data obtained from 
the Open Data portal of the Municipality of Milan (Comune di Milano, 
2023) (further explained in Supplementary material, Appendix B), 
precisely on DBH and CD values.

To smooth out gaps in the annual age distribution of trees, we 
grouped tree data for both DBH and CD into 5-year age classes, starting 
from 3-year-old trees [3–7, 8–12, …]. For each class, the third quartile 
(Q3) was taken as a representative value. Although the median would 
better represent the average tree in the urban setting, the third quartile 
was selected to characterize an above-average, healthy growth rate for 
model calibration, acknowledging that real-world growth conditions 
may result in reduced performance. Calibration of the unknown pa
rameters was then conducted using the genetic algorithm NSGA-II (Deb 
et al., 2002), to simultaneously minimize two objective functions, 
namely the mean square error between the model predictions and the 
third quartiles for both DBH and CD. In order to assess whether the 
properly calibrated model had an acceptable predictive capability, we 
halved the original dataset into two subsets: a calibration subset (with 
50% of the data) and a validation subset (with the remaining 50%). This 
splitting of the dataset into equivalent portions was implemented as a 
standard procedure to ensure both sufficient data for robust parameter 
estimation and a large, independent sample size for reliable model 
validation.

Since the calibration is multi-objective, its outcome will not be a 
vector of optimal parameter values. Instead, it yields a set of solution 
vectors constituting the so-called Pareto frontier in the two-dimensional 
objective space. To evaluate model robustness, we considered all Pareto- 
optimal solutions during the calibration analysis, which allowed us to 
assess the range of plausible parameter combinations. For the pilot 
application across the three climate scenarios, however, we selected a 
single solution for each species corresponding to the utopia point (i.e., the 
point on the Pareto frontier closest to the origin) representing the best 
compromise between the two calibration objectives. This solution was 
then used in all subsequent simulations.

To evaluate the sensitivity of DynaTree to parameter variation, we 
performed a one-at-a-time (OAT) sensitivity analysis (Saltelli, 2008) on 
the five calibrated parameters: k1, k2, lS, lB and eS,B. All parameters were 
individually perturbed by ±20% around their calibrated values 
(Haghnegahdar and Razavi, 2017). During the sensitivity analysis, all 
the other parameters were held constant at their resulting optimal 
values. The ultimate goal of these perturbations was to assess how 
variations and/or possible uncertainties in each parameter may influ
ence the model's predictions of tree growth, specifically on DBH and CD.

For each parameter perturbation, the resulting tree growth trajec
tories were plotted and compared against the baseline simulation, so as 
to visually compare which parameter variations most strongly influence 
model outcomes and whether the system behaves robustly under plau
sible uncertainty.

2.3. Case study and climate change scenarios

The city of Milan was selected as a case study. From the tree data of 
Milan dataset (Supplementary material, Appendix B), we selected three 

of the most common tree species in the city for a pilot application of the 
model: Platanus × acerifolia, Populus nigra and Robinia pseudoacacia. 
These species were also chosen for their differences in growth rate and in 
their biogeographic status, i.e., whether their presence is considered 
native or alien. Populus nigra is autochthonous in Milan, Platanus ×
acerifolia is a man-made hybrid naturalized in the city, and Robinia 
pseudoacacia is an invasive species.

To assess DynaTree's performance for the next 25 years (i.e., 
2025–2049) under different climatic conditions, we selected three 
climate scenarios that represent contrasting future trajectories: a his
torical baseline (i.e., the BAU scenario), the very stringent pathway to 
mitigate emissions (RCP 2.6 mitigation scenario), and the worst-case 
pathway (RCP 8.5 high-emission scenario). These scenarios were cho
sen to explore a wide range of possible future climates, from low-impact 
to extreme warming conditions, and to test the model's sensitivity and 
suitability for projecting urban tree growth and ES supply beyond his
torical baselines. The BAU scenario serves both as a reference and as a 
calibration baseline, while RCP 2.6 and RCP 8.5 provide distinct, 
somewhat opposite alternatives for evaluating the potential impacts of 
climate change on urban tree performance over time under two very 
different development hypotheses. The meteorological data were 
sourced from the CORDEX regional climate model ensemble 
(Copernicus Climate Change Service, 2019). For the specification, see 
Supplementary material, Appendix C.

As for air pollution, PM10 concentration data were retrieved from an 
ARPA Lombardia monitoring station in Milan (ARPA Lombardia, 2024), 
which provided 10 years of daily measurements (2011− 2020). Based on 
these records, we generated a synthetic daily time series with equivalent 
statistical properties, extended to match the full simulation period 
required by the model (Supplementary material, Appendix C). For future 
scenarios, PM₁₀ concentrations were held constant at this baseline level. 
This assumption is made because future pollution levels are strongly 
governed by socioeconomic and policy pathways, the projection of 
which falls outside the biophysical focus of this study. Holding con
centrations constant isolates the effects of climate change on tree growth 
and ecosystem service provision. Furthermore, reliable, high-resolution 
future projections of PM₁₀ for urban-scale applications are not readily 
available.

Using the calibrated parameter sets, we simulated the growth of each 
species starting from initial ages of 5, 10, and 20 years for the 25-year 
period under all three climate scenarios. These simulations allow us to 
explore how tree growth and ecosystem service provision evolve over 
time under different environmental conditions, reflecting both species- 
specific traits and the effects of climate forcing. By including multiple 
starting ages, the model captures differences in growth trajectories and 
ES delivery across life stages, providing insights for urban forest plan
ning, maintenance strategies, and long-term management of ecosystem 
services in Milan.

3. Results

3.1. Calibration and sensitivity analysis

The calibration procedure identified a two-dimensional set of Pareto- 
optimal solutions that minimize the combined error in predicting DBH 
and CD of the tree database for Milan. This multi-objective approach was 
necessary because optimizing the fit for one metric often leads to a 
degraded fit for the other, reflecting the trade-offs in resource allocation. 
Fig. 2 shows the resulting optimal trade-offs (top row) for Platanus ×
acerifolia, Populus nigra and Robinia pseudoacacia, along with the simu
lated growth trajectories of DBH (second row) and CD (third row) 
associated with the selected parameter set. Each point of the Pareto 
frontier corresponds to a unique combination of parameters, revealing 
how the improvement of one objective results in compromising perfor
mance in the other.

The Pareto frontiers in the top row of Fig. 2 show DBH and CD errors, 
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expressed as average squared deviations in standardized units, i.e., er
rors are normalized by the variance of observed values. They highlight 
distinct calibration patterns across species: Platanus × acerifolia and 
Populus nigra display broadly similar frontier shapes, with comparable 
ranges of DBH and CD errors, and a utopia point with similar values of 
0.1. In contrast, Robinia pseudoacacia shows a much more compact 
frontier, with errors of nearly an order of magnitude lower and far less 
dispersed, particularly for the DBH error. This suggests both a better 
overall model fit and a reduced variability in the data used for calibra
tion. The tighter clustering of points could be attributed to a more ho
mogeneous growth behavior of Robinia individuals.

In terms of fit, the second and third rows in Fig. 2 reveal that for 
Platanus there is a general good agreement between the model and the 
empirical data. For DBH, there is a slight tendency to overestimate 
values in later life stages of the plant, while for CD, the fit is a bit less 
precise, partly because of the high variability and irregular distribution 
of the empirical data, which may reflect limitations in measurement or 
inconsistencies in data quality. Populus displays a very good fit for DBH 

throughout the tree lifespan, with model predictions closely tracking 
observed values. For CD data, the model captures the general trend with 
the sole tendency to underestimate crown size for older individuals. This 
may reflect higher uncertainty in the observed values, likely due to the 
visual estimation method used by different trained operators in early age 
classes, which is inherently more subjective than DBH measurements. 
Robinia stands out for the overall quality of fit. Both DBH and CD are well 
captured by DynaTree, resulting in the lowest Normalized Root Mean 
Squared Error (RMSEnorm) of the three species. This strong agreement 
reinforces the idea that Robinia's growth pattern is more consistent 
across individuals and better aligned with the model's structural 
assumptions.

Overall, the calibration results confirm that DynaTree is capable of 
reproducing realistic growth trajectories across species, even in the 
presence of noisy data. The goodness of fit varies between species, both 
because of species-specific characteristics and data quality, but our re
sults provide a solid foundation for applying the model under present 
conditions and future climate scenarios.

Fig. 2. Calibration of DynaTree model on tree data of the Municipality of Milan, with reference to the three species (a. Platanus x acerifolia, b. Populus nigra, c. Robinia 
pseudoacacia). Top row: Pareto frontiers showing the trade-off between DBH and crown diameter error for each species; error values refer to average squared de
viations in standardized units; the blue dot indicates the selected optimal solution to perform simulations in the other panels. Middle and bottom rows: Simulated 
DBH and CD growth curves (blue lines) for the reference parameter set, contrasted to the empirical values in the dataset grouped by age class (black dots, median ±
IQR). Shaded areas represent the range of model trajectories within the Pareto set parameter variation.
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Table 1 reports the values of the calibrated parameters correspond
ing to the utopia points. The parameter k1, which regulates the rela
tionship between branch biomass and crown projected area, shows a 
relatively wide range of variability across the selected species, reflecting 
interspecific differences in crown expansion. This is further illustrated in 
Fig. S1 (Supplementary material). In contrast, the parameter k2, which 
defines the relationship between leaf biomass and light interception, 
displays small variations across species, especially between Populus and 
Robinia. The parameter regulating the loss of biomass (and so the 
turnover) of branches lB is consistently about one order of magnitude 
higher than the loss rate of stem lS for all species, aligning with the idea 
of faster biomass turnover in peripheral compartments (Zhang et al., 
2015a). Lastly, the allocation parameter eS,B, which determines the 
partitioning of biomass between stem and branch compartments, shows 
a very narrow range of variation, suggesting a relatively stable alloca
tion strategy across the three species studied.

The results of the sensitivity analysis, in which the five calibrated 
parameters were varied within a ±20% range around their calibrated 
value, confirm the overall robustness of the model across species and 
parameters. The species-specific impacts of parameter variation in the 
predicted trajectories of DBH and CD are illustrated in Fig. 3.

Despite the variation in parameter values, trees continue to grow 
following biologically plausible trajectories, and no parameter variation 
produces unrealistic behaviors or model breakdowns. Nonetheless, the 
impact of individual parameters differs substantially by species and by 
target variable. Among the tested parameters, k₂ and eS,B seem to exert 
the strongest influence on model outputs, particularly for Robinia and 
Populus, with changes that peak at a 70% difference. In contrast, k₁ in
duces more moderate, but still significant deviations, especially for 
crown projections (with differences that peak at around 30% of the 
projected values).

Biomass loss parameters behave differently. The effect of perturba
tions to lS appear consistently low across species, with almost negligible 
deviations. While this analysis suggests that lS could be fixed a priori to 
restrict the set of parameters to be calibrated, we opted to retain it as a 
calibrated parameter due to its high interspecific variability. lB has a 
larger influence on projections, but remains consistent with the original 
projections, with deviations that do not exceed 15% (the parameter 
perturbation propagates less than linearly to results).

3.2. Model functioning and growth under climate scenarios

To understand DynaTree's responses to future climates, we first 
examine its behavior under baseline conditions. Fig. 4 illustrates the 
dynamic allocation of biomass, a core aspect of DynaTree's internal 
functioning. Each species shows a progressive accumulation of struc
tural biomass in stems and branches, while leaf biomass exhibits a 
distinct seasonal pattern. The model successfully captures this cyclical 
behavior, which aligns with the known phenology of temperate species.

Once the dynamics of biomass allocation among tree compartments 
have been clarified under current climate conditions, it is useful to 
explore future scenarios, possibly assessing the impact of climate 
(baseline historical conditions, RCP 2.6 and RCP 8.5). Fig. 5 shows the 
total biomass accumulated in all compartments, expressed in carbon 
units (kgC), over the 2025–2050 period for the three species and starting 

ages. This allows us to compare how different climate forcings (color- 
coded in Fig. 5) affect trees of different ages (linestyle coded), thereby 
shaping tree growth trajectories under various environmental condi
tions, in particular temperature and precipitation.

Across all species and scenarios, clear patterns emerge. Biomass 
accumulation decreases with increasing climate forcing: for all species, 
the RCP8.5 scenario leads to noticeably reduced growth compared to the 
historical scenario, while RCP2.6 shows intermediate values. Despite 
this general trend, in terms of species-specific impacts of climate change 
on urban trees, according to our model applied to the case of Milan, 
Populus appears slightly more resilient to climate forcing, with smaller 
differences among scenarios than the other two species. Intriguingly, the 
species-specific response to RCP2.6 seems to be different depending on 
age: for younger trees, the growth pattern under RCP2.6 is nearly 
identical to that occurring under unchanged climate, but as tree age 
increases, RCP2.6 curves tend to be more similar to the RCP8.5, espe
cially in the case of Platanus. This suggests that the effects of moderate 
climate change may become more pronounced over longer lifespans or 
for larger individuals.

Our analysis shows that DynaTree can help to discuss interspecific 
and age-dependent responses to climate, indicating that species traits 
and initial conditions both modulate growth under future scenarios.

3.3. Ecosystem services scenarios

The performance of the three species for carbon sequestration 
(Fig. 6), air filtration (Fig. 7), and local climate regulation (Fig. 8) across 
climate change and management scenarios (age of planted trees) is 
summarized in the following lines.

In terms of carbon sequestration, as shown in Fig. 6a, trees planted at 
the age of 20 can deliver a disproportionately higher carbon uptake over 
the simulation period compared to younger trees, moving from values 
between 185 and 245 kgC up to 920 kgC. This emphasizes the nonlinear 
accumulation of carbon with tree maturity, a pattern consistent with 
findings in the literature (e.g., Köhl et al., 2017; Zhu and Xia, 2020). 
Fig. 6a also shows a clear reduction in carbon sequestration under 
increasing climate forcing, particularly under the high-emission sce
nario RCP8.5 (reduction up to − 14%), and such effect becomes more 
evident in more mature trees. Fig. 6b complements this result by 
showing the daily carbon net uptake from the atmosphere (which is in 
fact NPP) during a year (here is 2044) for a Populus tree aged 10 at the 
start of the simulation. While all scenarios follow a similar seasonal 
pattern, the RCP8.5 curve consistently lies below the others during the 
peak photosynthetic period, indicating reduced productivity under more 
stressful climatic conditions.

Regarding air filtration, Fig. 7a clearly shows that Robinia pseudoa
cacia consistently outperforms the other species in terms of PM10 
filtered, likely due to a higher LAI that enhances pollutant capture. As it 
occurs with carbon sequestration, a reduction in PM10 filtered is 
observed under more intense climate scenarios, particularly visible in 
mature trees. Fig. 7b depicts daily PM10 filtration during 2044 for a 10- 
year-old Robinia tree. Even in this case, as was the case for carbon 
assimilation, it is possible to appreciate a reduction of PM10 deposition 
as the climate forcing increases. This ES closely follows the pattern of 
PM10 concentration (dashed black line), with filtration peaking during 
periods of lower pollution. This occurs because of the evidence, captured 
by the model, that dry deposition of PM10 is proportional to leaf area and 
pollutant concentration and highlights that filtration occurs when 
photosynthesis is more active, in spring and summer, which is when 
pollution is also lower in Milan.

In terms of local climate regulation, Fig. 8a shows the cumulative 
values for the different trees and scenarios for the period 2025–2050. 
Unlike the other two ES, local climate regulation does not decline under 
stronger climate scenarios; values are stable or even slightly increased 
under RCP2.6 and RCP8.5 compared to historical scenarios. To deepen 
our understanding of this unexpected result, we investigated in depth 

Table 1 
Calibrated parameter values for our model corresponding to the utopia point for 
each species. The parameters include morphological coefficients (k₁, k₂), turn
over rates (lS, lB), and the allocation coefficient (eS) governing biomass parti
tioning between stem and branches.

Tree species k1 k2 lS lB eS,B

Platanus x acerifolia 1.712 0.452 1.04E− 05 1.01E− 4 0.632
Populus nigra 1.528 0.342 1.94E− 05 1.61E− 4 0.609
Robinia pseudoacacia 2.138 0.356 3.80E− 05 3.50E− 4 0.557
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Fig. 3. Sensitivity analysis for the five calibrated parameters: k₁, k₂, lS, lB, and eS,B. For each parameter, DBH (top, group of panels a) and CD (bottom, group of panels 
b) projections are shown under ±20% variation (gray bands) around the baseline simulation (blue curve). Black dots and error bars indicate the empirical quartile 
values per grouped age classes used for model calibration.
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the values of this ES and its driver over specific periods. In Fig. 8b we 
examine the service offered by a 10-year-old Platanus tree in the year 
2041, a future year when local climate regulation appears from our 
model to be very similar across scenarios (183 kWh for historical, 196 
kWh for RCP 2.6 and 184 kWh for RCP 8.5). As expected, the graph does 
not highlight any significant difference among the scenarios. More 
interestingly, boxplots in Fig. 8c (years 2045–2049) reveal the trade-offs 
that cause homogeneity across scenarios: while NPP slightly decreases 
under more intense climate scenarios, lowering tree biomass, tempera
ture increases, enhancing water loss by leaves. Since evapotranspiration, 
and hence cooling, is driven by both temperature and NPP, the effect of 
declining tree vitality is offset by higher evaporative demand, resulting 
in overall similar local climate regulation among scenarios. This finding, 
while mechanistically supported by the trade-offs shown in Fig. 8c, is 
nonetheless specific to the formulation of our Local Climate Regulation 
module.

4. Discussion

4.1. Conceptual and mathematical structure of the model

Unlike many existing tools, which rely on static inventories, empir
ical averages, or cell-based approximations, DynaTree explicitly repre
sents causal processes operating at the tree level and over time. This 
allows for a more realistic simulation of how individual trees will 
respond to accelerated changes in environmental drivers, such as tem
perature and water availability, as expected under future climate 
scenarios.

One of the main conceptual strengths lies in the choice of modelling 
trees as individual units rather than as aggregated vegetation patches. 
This is particularly relevant in urban environments, where tree distri
bution is highly fragmented and heterogeneous (Hamberg et al., 2008). 
By working at the individual scale, the model captures this variability 
and can accommodate detailed input data from urban tree inventories, 

Fig. 4. Simulated biomass allocation between plant compartments for the three focal species (a. Platanus x acerifolia, b. Populus nigra, and c. Robinia pseudoacacia) 
under historical climate regimes for 5-year-old trees planted in 2025. Each panel in the top row shows the biomass dynamics of stems (orange), branches (yellow), 
and roots (brown), while the bottom row shows leaf biomass (green). Seasonal fluctuations in the leaf compartment highlight intra-annual growth and senescence 
dynamics for the deciduous species.

Fig. 5. Projected total biomass accumulation (kgC) for the three species (in the different panels) under three climate scenarios (Historical in blue, RCP2.6 in pink, 
RCP8.5 in red) and three initial ages (5 years plain lines, 10 years dashed lines, 20 years dotted lines).
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which are typically recorded at the single-tree level (Keller and Konij
nendijk, 2012). This structure also makes it possible to reflect tree- 
specific management practices and behavior of species-specific func
tional traits, improving both interpretability and practical relevance.

Given the lack of extensive urban tree-related time-series (Ossola 
et al., 2021), full statistical approaches, such as machine learning, are 
not suitable for urban tree modelling applications. Instead of relying 
only on allometric correlations, DynaTree has a mechanistic formula
tion, explicitly simulating biological processes, such as photosynthesis, 
biomass allocation, and evapotranspiration. Each component of the 
model is designed to reflect a cause-effect relationship based on 
ecological understanding, and the modular architecture enables users to 
activate or deactivate sub-models (e.g., for carbon sequestration, air 
filtration, or local climate regulation) depending on the analysis objec
tive. Nevertheless, the allometric equations needed to estimate DBH 
from aboveground biomass, although based on literature sources, may 
introduce errors, particularly during the early years of growth (Blujdea 
et al., 2012).

The dynamic structure of DynaTree further distinguishes it from 
static frameworks. By simulating processes over time, it becomes 
possible to explore how trees grow and respond to evolving environ
mental conditions, including future climate scenarios. The temporal 
granularity is set at a daily resolution, which balances ecological realism 

with computational feasibility.
Moving to the limitations, the first concerns a simplified modelling of 

biomass loss and allocation. The loss considers both natural processes (e. 
g., leaf fall) and human-derived interventions (e.g., branch thinning), 
reflecting the fact that DynaTree is calibrated using data from managed 
urban trees. However, biomass loss is applied using fixed coefficients, 
which simplifies implementation but does not capture the variability 
arising from environmental conditions or differences in management 
practices. This simplification relates to the model's conceptual founda
tion. DynaTree, focused on modelling individual trees over long periods, 
follows a primarily source-driven paradigm. Growth is a function of 
carbon fixation (source), dependent on light and water, with subsequent 
allocation governed by allometric rules. While this approach effectively 
captures long-term growth trends, we acknowledge that actual plant 
growth emerges from a dynamic interplay between source and sink ac
tivities (Guillemot et al., 2015; Hayat et al., 2017). Key processes where 
sink regulation is paramount are not fully captured. For instance, 
DynaTree does not dynamically simulate how drastic changes in sink 
strength (e.g., early-season defoliation, pruning, or stress-induced real
location) temporarily alter carbon storage and remobilization. Budburst, 
currently modelled using a uniform growing degree-days threshold, 
could also be treated as a more dynamic, sink-driven activation event 
influenced by chilling requirements. Furthermore, DynaTree does not 
include explicit responses to acute abiotic or biotic disturbances (me
chanical damage, pests). Future, more sink-aware model iterations could 
incorporate explicit feedback on photosynthesis and allocation to 
enhance realism in simulating responses to acute disturbances and 

Fig. 6. Carbon sequestration ecosystem service offered. a) Total carbon 
sequestered over the simulation period 2025–2050 for each of the three species, 
according to the climate scenarios, and for three different cohorts of trees (aged 
respectively 5 years in orange, 10 years in yellow and 20 years in green). b) 
Daily carbon sequestration (equal to NPP) during one year (we used 2044) for a 
10-year-old Populus tree; colors correspond to the different climate scenarios as 
in Fig. 5.

Fig. 7. PM10 filtration. a) Total PM₁₀ removed during the 2025–2050 period by 
trees of different species and ages (aged 5, 10, 20 years in 2025, respectively in 
orange, yellow and green) under different climate scenarios. b) Daily filtration 
for a 10-year-old Robinia in 2044, under the different climate scenarios (His
torical, RCP 2.6 and RCP 8.5, respectively in blue, pink and red), with PM₁₀ 
concentration shown in dashed black line (unit of measures on the right axis).
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specific management actions.
A second limitation is related to the absence of tree mortality, which 

means that trees are assumed to persist throughout the simulation, 
which may be suitable for short-term assessments or well-managed 
areas, but limits the model's realism under long-term or extreme 
climate scenarios. For example, simulate age-based mortality within a 
system dynamics framework, while Escobedo et al. (2011) integrate 
species- and condition-dependent death probabilities into urban forest 
assessments. Introducing mortality would enhance the model's capacity 
to reflect species-specific vulnerabilities and to avoid overestimating 
long-term ecosystem service provision. It would also capture important 
management implications, such as the need for replanting, handling of 
dead biomass, and increased costs, all of which could influence planting 
and policy recommendations under future climate conditions.

The last limitation concerns the soil water balance, which is 
currently modelled using simplified routines for rainfall interception 
and infiltration. While this allows for efficient simulation across multi
ple years and individuals, it reduces the model's capacity to capture fine- 
scale water dynamics that are especially relevant in urban settings, 
where soil sealing and canopy structure strongly affect water avail
ability. More detailed representations, like those implemented in the 
URbanTRee model (Tams et al., 2023), account for radiation attenua
tion, surface types, and soil water retention in greater depth. Integrating 
a similar approach into this model, particularly in terms of dynamic 
infiltration and soil water stress responses, could substantially improve 
the accuracy of physiological outputs and ecosystem service estimates 
under variable climatic and urban conditions. Future development of the 
model aims to address this by refining the temporal resolution of key 
hydrologic processes. For instance, shifting infiltration and evapo
transpiration routines from a daily to an hourly time step would improve 
the simulation of short-term hydroclimatic extremes, such as intense 
precipitation events and drought periods, while maintaining a tractable 
structure for practical application. Furthermore, while soil water 
availability is modelled as the primary hydrological constraint, aligning 
with empirical evidence from urban tree studies (Rahman et al., 2013; 
Rötzer et al., 2020), future developments of the model could also 
incorporate atmospheric demand via vapour pressure deficit. Inte
grating vapour pressure deficit alongside soil moisture would provide a 
more complete representation of plant water stress, particularly during 
acute heat events (Sanginés De Cárcer et al., 2018), and represents a 
valuable direction for refining drought response simulations.

Despite these limitations, one of the strengths is that DynaTree re
mains as simple as possible without sacrificing essential realism, which 
makes it highly suitable for applied purposes. Its individual-based and 
modular design allows for application to other cities, provided that basic 
tree and climate data are available. Urban tree inventories are increas
ingly accessible across cities through open-data portals and remote 
sensing platforms (Ossola et al., 2020). This means that DynaTree can be 
transferred to new contexts with minimal structural adjustments, pri
marily by recalibrating key parameters using local datasets. The 
modularity will also permit to incorporate tree mortality and additional 
ES in future developments. For example, water flow regulation in terms 
of avoided run-off could be estimated by coupling canopy interception 
with soil infiltration dynamics, while the contribution of tree shading to 
local climate regulation could be derived from crown geometry and 
solar angle simulations. These additions would further enhance the 
model's relevance for informing urban forest strategies, providing a 
more comprehensive ES assessment.

4.2. Calibration and sensitivity analysis in context of existing literature

Calibration and sensitivity analysis demonstrate that DynaTree can 
reproduce realistic growth trajectories and respond consistently across 
species. Using a multi-objective approach (NSGA-II) to calibrate both 
DBH and CD ensures that structural dynamics are balanced and aligned 
with empirical observations. Targeting the third quartile of observed 
values by age class helps focus the calibration on well-performing in
dividuals, which is particularly appropriate in urban environments 
where stress and management practices often introduce noise into 
datasets. Despite the lack of individual-level time-series data, the model 
effectively reconstructs plausible average growth curves by aggregating 
cross-sectional data across age classes. While this method assumes a 
representative age distribution, it performs well given the available in
formation and allows meaningful calibration even in the absence of 
long-term monitoring.

The current calibration approach represents a pragmatic compro
mise given the current state of urban forestry data. The ideal verification 
for an individual-based model like DynaTree would involve longitudi
nal, individual-level growth time series (e.g., repeated inter- and intra- 
annual DBH measurements or dendrometer data). Such data would be 

Fig. 8. Local climate regulation a) Total energy-equivalent cooling (in kWh) 
provided by trees under different scenarios and initial ages (orange for 5 years, 
yellow for 10 years, green for 20 years). b) Daily heat mitigation in an exem
plificative future year (here is 2041) for a 10-year-old Platanus under the three 
climate scenarios (Historical in blue, RCP 2.6 in pink, RCP 8.5 in red). c) 
Boxplots of temperature, NPP, and total heat mitigation from the 5-year period 
2045–2049 for a 10-year-old Platanus under the three climate scenarios.
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especially critical for testing model performance during climatic ex
tremes, such as droughts, which are episodic and whose effects are 
mediated by species traits and urban management actions, e.g., irriga
tion. However, such high-resolution datasets are exceptionally rare in 
municipal inventories, which are typically cross-sectional and aggre
gated. Our verification and calibration against widely available in
ventory data aligns with the model's practical purpose: to be applicable 
by municipal technicians using the very data they typically possess. This 
choice ensures the model's utility and reproducibility across diverse 
urban contexts. We also acknowledge that future validation with finer 
temporal data would further strengthen confidence in its mechanistic 
processes, but this will require additional efforts to collect and share 
longitudinal growth data, and to confirm their practical added value in 
terms of increasing accuracy in the simulations.

The sensitivity analysis confirms that DynaTree is stable under 
plausible parameter variation. Most parameters produce limited de
viations in DBH and CD when perturbed within ±20%, indicating good 
structural robustness. Some parameters, such as the light extinction 
coefficient k₂ and the allocation coefficient to stem eS,B, show a stronger 
influence on outputs, especially in species like Populus nigra and Robinia 
pseudoacacia. Comparison with literature ranges highlights some inter
esting points. For k₂, our calibrated values are a little lower than the 
typical range of 0.4–0.7 reported in forest and crop studies (Lacasa et al., 
2021; Zhang et al., 2014). This difference may reflect the fact that urban 
trees are often isolated, so that for a given LAI, more light penetrates the 
canopy compared to denser stands. For stem turnover, our calibrated 
values correspond to annual rates of 0.38–1.39%, which are slightly 
lower but in the same order of magnitude as those reported in mature 
forests (around 1.8–1.9% yr− 1; Lewis et al., 2004; Vilanova et al., 2018). 
Similarly, branch turnover rates obtained here (3.7–12.8%) align 
reasonably well with experimental findings of highly variable branch 
turnover around 14% ± 19% (Lim et al., 2024). These parallels suggest 
that while the calibrated values are somewhat lower than those 
observed in unmanaged natural stands, they remain consistent in terms 
of magnitude, likely reflecting the fact that the model simulates ideal, 
well-managed urban trees rather than forest individuals.

Overall, the calibration and sensitivity analysis confirm that the 
model behaves coherently, responds predictably to input variation, and 
offers sufficient precision for exploring growth dynamics and ES supply 
in a realistic and controlled manner, while also producing parameter 
values broadly consistent with ranges documented in the literature.

4.3. Pilot application

The pilot application of the model in Milan serves both as a 
demonstration of its operational potential and as a test of its ability to 
reproduce plausible growth and service trajectories under contrasting 
climatic and planting scenarios. Overall, the results confirm that 
DynaTree produces realistic, species-specific dynamics that are consis
tent with ecological expectations and observed urban tree behavior.

Species responses captured the expected variation in growth per
formance and ES supply, with the model reproducing interspecific dif
ferences under identical environmental forcing. This variability is 
critical for guiding species selection in urban planning, but it is also 
important to assess whether the magnitude of ecosystem services esti
mated is consistent with previous studies. For carbon sequestration, our 
simulations yielded average annual rates ranging from 8 kg C per tree for 
young individuals (5 years at planting) to 36 kg C per tree for older 
starting ages (20 years). These values are well aligned with the range of 
6–36 kg C per tree per year reported for urban trees in Bolzano (Russo 
et al., 2014). For PM₁₀ filtration, our estimates range from 2 g per tree 
per year for younger trees to 24 g per tree per year for mature in
dividuals, corresponding to 0.4–0.8 g m− 2 depending on species. These 
figures are consistent with those reported by Manes et al. (2016), who 
found values between 0.14 and 1.29 g m− 2 for deciduous species in 
Italian cities. Finally, the estimates for local climate regulation through 

evapotranspiration range between 40 and 200 kWh per tree per year, 
depending on age and species. These are comparable with the values of 
39–168 kWh per tree per year reported by McPherson et al. (1994) for 
trees under different exposure conditions in Chicago. Together, these 
comparisons suggest that the model produces realistic and ecologically 
plausible estimates of urban tree ecosystem services.

In terms of climate sensitivity, DynaTree simulated consistent trends 
across three CORDEX-based climate scenarios for Milan. However, the 
magnitude of variation between scenarios remained limited. This 
restrained divergence likely stems from both the inherent scaling limi
tations of the input climate data, and the length of the projection. 
CORDEX models, though they operate at regional scale, do not incor
porate urban-specific processes, such as the urban heat island effect. As a 
result, the forcing data underestimate both present-day urban temper
atures and the expected intensity of future warming. This limitation on 
the input data constrains the potential divergence between the climate 
scenarios, affecting both absolute growth outcomes and the apparent 
impact of climate change on trees and services. More accurate urban 
projections would require the use of high-resolution meteorological 
data, ideally from urban monitoring stations or dedicated downscaling 
approaches that account for the complexity of the built environment. 
Moreover, since the current simulation spans only 25 years, the diver
gence between climate scenarios remains limited; longer-term pro
jections extending to the end of the century would likely amplify these 
differences substantially. In this respect, this pilot application serves as a 
conservative estimate of what future scenarios might entail in Milan and 
emphasizes the need for better integration between urban climate and 
tree modelling. Future model developments and applications will pri
oritize assessing the feasibility of analyzing how this input underesti
mation propagates to the ES outputs.

Nonetheless, the application demonstrates DynaTree's ability to 
reveal important trade-offs and nonlinear responses. For example, ser
vices like local climate regulation, which are driven by crown expansion 
and evapotranspiration, tend to remain stable or increase slightly under 
warming scenarios, even when growth rates decline. Conversely, ser
vices dependent on biomass production, such as carbon sequestration, 
show a stronger sensitivity to climatic constraints. These dynamics 
reflect the complex and service-specific responses of urban trees to 
environmental stress and highlight the risks of focusing on single metrics 
when evaluating nature-based solutions. Ultimately, while this study 
focuses on mid-century projections, future applications exploring the 
post-2050 period, when climate scenario pathways strongly diverge, 
would help clarify long-term impacts on urban forests, especially if 
coupled with scenarios that also account for other socio-environmental 
drivers.

5. Conclusion

This work offers a novel contribution to urban ecological modelling 
by combining a mechanistic, individual-based, and dynamic approach to 
simulate tree growth and associated ES provision. By integrating bio
logical processes, climate forcing, and structural dynamics, DynaTree 
provides a versatile framework capable of simulating long-term growth 
trajectories across different species and age classes. The model offers a 
practical balance between ecological realism and data availability, 
allowing simulations under various climate scenarios with limited input 
requirements. It performs consistently across species and outputs 
interpretable indicators of biomass accumulation and services such as 
carbon sequestration, air filtration, and local climate regulation. A key 
strength is its capacity to represent trees at different life stages, from 
saplings to centenary trees, making it applicable to planning, mainte
nance, and conservation alike. DynaTree structure is also aligned with 
the logic of the ES cascade and ecosystem accounting frameworks, 
ensuring that ecosystem services are calculated from simulated bio
physical functioning rather than directly from land-cover proxies, which 
improves transparency and ecological consistency.
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While the model currently simulates individual trees in isolation, 
future developments will aim to extend it to multiple individuals, 
incorporating interactions such as shading, sheltering, and belowground 
competition. This extension is particularly relevant for informing urban 
planting and management, particularly under dense tree configurations. 
Additional improvements will target the inclusion of further ES classes 
(e.g., water flow regulation, shading-based local climate regulation, 
habitat maintenance), mortality, a higher temporal resolution for key 
hydrologic processes to better capture hydroclimatic extremes (e.g., 
hourly infiltration and evapotranspiration), and the use of high- 
resolution urban climate data.

Overall, DynaTree provides a flexible and ecologically meaningful 
basis for assessing urban forestry strategies under changing climatic 
conditions. It supports decision-making at multiple scales, from site- 
level species selection and planting strategies to strategic analyses of 
species performance under long-term climate projections, aiding resil
ience planning and adaptive management. Its modularity and trans
parency make it a valuable tool for researchers, urban planners, and 
practitioners, with potential applicability to other cities where basic tree 
inventories and climate data are available. Combined with its concep
tual structure, calibration approach, and pilot application, the model is a 
valuable tool for researchers, urban planners, and related practitioners 
working at the interface between urban ecology, climate adaptation, and 
ES assessment.
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Hamberg, L., Lehvävirta, S., Minna, M.-L., Rita, H., Kotze, D.J., 2008. The effects of 
habitat edges and trampling on understorey vegetation in urban forests in Helsinki, 
Finland. Appl. Veg. Sci. 11, 83–98. https://doi.org/10.1111/j.1654-109X.2008. 
tb00207.x.

Hargreaves, G.H., Samani, Z.A., 1985. Reference crop evapotranspiration from 
temperature. Appl. Eng. Agric. 1, 96–99. https://doi.org/10.13031/2013.26773.

Hayat, A., Hacket-Pain, A.J., Pretzsch, H., Rademacher, T.T., Friend, A.D., 2017. 
Modeling tree growth taking into account carbon source and sink limitations. Front. 
Plant Sci. 8. https://doi.org/10.3389/fpls.2017.00182.

He, L., Zhang, X., Wang, X., Ullah, H., Liu, Y., Duan, J., 2023. Tree crown affects biomass 
allocation and its response to site conditions and the density of Platycladus orientalis 
Linnaeus plantation. Forests 14, 2433. https://doi.org/10.3390/f14122433.

Cities, settlements and key infrastructure. In: Intergovernmental Panel on Climate 
Change (Ed.), 2023. Climate Change 2022 – Impacts, Adaptation and Vulnerability: 
Working Group II Contribution to the Sixth Assessment Report of the 
Intergovernmental Panel on Climate Change. Cambridge University Press, 
Cambridge, pp. 907–1040. https://doi.org/10.1017/9781009325844.008.

Kattge, J., Bönisch, G., Díaz, S., Lavorel, S., Prentice, I.C., Leadley, P., Tautenhahn, S., 
Werner, G.D.A., Wirth, C., 2020. TRY plant trait database – enhanced coverage and 
open access. Glob. Chang. Biol. 26, 119–188. https://doi.org/10.1111/gcb.14904.

Keith, H., Mackey, B.G., Lindenmayer, D.B., 2009. Re-evaluation of forest biomass 
carbon stocks and lessons from the world’s most carbon-dense forests. Proc. Natl. 
Acad. Sci. U. S. A. 106, 11635–11640. https://doi.org/10.1073/pnas.0901970106.

Keller, J.K.-K., Konijnendijk, C.C., 2012. Short communication: a comparative analysis of 
municipal urban tree inventories of selected major cities in North America and 
Europe. Arboricult. Urban For. 38, 24–30. https://doi.org/10.48044/jauf.2012.005.

Kimm, H., Ryu, Y., 2015. Seasonal variations in photosynthetic parameters and leaf area 
index in an urban park. Urban For. Urban Green. 14, 1059–1067. https://doi.org/ 
10.1016/j.ufug.2015.10.003.
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Núñez Vargas, P., Sonké, B., Nur Supardi, M.N., Terborgh, J.W., Vásquez 
Martínez, R., 2004. Tropical forest tree mortality, recruitment and turnover rates: 
calculation, interpretation and comparison when census intervals vary. J. Ecol. 92, 
929–944. https://doi.org/10.1111/j.0022-0477.2004.00923.x.

Li, M., Remme, R.P., Van Bodegom, P.M., Van Oudenhoven, A.P.E., 2025. Solution to 
what? Global assessment of nature-based solutions, urban challenges, and outcomes. 
Landsc. Urban Plan. 256, 105294. https://doi.org/10.1016/j. 
landurbplan.2025.105294.
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