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Abstract: Urban trees provide cities with critical Ecosystem Services (ESS) through their large biomass 
and specific canopy geometry, making them a fundamental component of Urban Green Infrastructure 
(UGI). Following the concept of target-driven tree planting and maintenance, we outline here a com-
prehensive toolbox embedded in Rhino Grasshopper that integrates three models already developed and 
three models currently under development by the authors. The three existing models are 1) CityTree 
for estimating tree growth, ecosystem services, and plant physiology, 2) TreeML for predicting tree 
canopy geometry growth, and 3) PrunML for growth prediction under pruning. The three other tools 
currently under development will be integrated into the toolbox in the next version. These are 4.) TLV-
Generator for generating Target Leaf Voxel (TLV), 5.) TreeML-Planter for optimizing the tree planting 
location, and 6.) PrunML-Manager for making tree canopy manipulation decisions. The final toolbox 
aims to assist designers, planners, gardeners, and other professionals in enhancing the ESS of trees in 
the next generation of UGI. We conclude by discussing the chances and potential limitations of the 
individual tools and the overall approach and frame open questions and potential next research steps. 

Keywords: Urban tree, grasshopper plug-in, urban green infrastructure, ecosystem services, computa-
tional design 

1 Introduction 

Urban trees, a significant element within UGI, function as nature-based solutions to alleviate 
the severity of heat islands, enhance the overall city climate (OKE et al. 1997), and provide 
various health benefits (TZOULAS et al. 2007, WOLF et al. 2020). Individual tree canopies 
play a crucial role in providing these services, with their size and shape being particularly 
important. Therefore, appropriate design and management of urban trees can increase ESS 
for cities. 

To increase ESS in UGI through urban trees, YAZDI, SHU & LUDWIG (2023) introduced a 
conceptual workflow for a target-driven tree planting and maintenance strategy. In this novel 
approach, the optimization of tree planting locations and branch pruning follows the TLV 
approach (YAZDI, SHU & LUDWIG 2023), following criteria to improve ESS outcomes. 

Based on this approach, we outline here a comprehensive planned toolbox that integrates 
three models already developed and three models currently under development by the au-
thors. The toolbox aims to facilitate the practical implementation of the target-driven tree 
planting and maintenance concept developed by YAZDI, SHU & LUDWIG (2023) and is in-
tended to be a valuable resource to designers, urban planners, gardeners, and other experts 
involved in urban tree management. The GroTree V1.0 will include a set of Grasshopper 
plug-ins that display the results in real-time through the Rhino interface. 

In recent years, a range of tools has been developed to assist designers and decision-makers 
in the early stages of urban tree planning, facilitating the evaluation of ESS offered by indi-
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vidual trees within the Rhino Grasshopper environment. Table 1 provides a summary of cur-
rent tools and workflows compared to the planned functions of our toolbox. 

Table 1:  A summary of existing tools and workflows and their functions in Rhino and 
Grasshopper, compared to the planned functions of the GroTree toolbox version 
1.0. (Green: included and Orange: not included) 
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(Our Toolbox) 

2 Tools 

The GroTree toolbox outlined in this paper will consist of six tools (Fig. 1): (1) CityTree, a 
physiologically based growth and ESS simulation tool for individual urban trees; (2) 
TreeML, which predicts crown geometry growth of trees based on their surrounding envi-
ronment; (3) PrunML, a tool for growth prediction under pruning, (4) TLV-Generator, a TLV 
generation tool by considering human comfort and ESS factors, (5) TreeML-Planter, a target-
driven optimization tool for tree planting; (6) PrunML-Manager, which makes manipulation 
decisions towards a targeted canopy geometry on a Markov chain. The first version of the 
GroTree toolbox which contains the tools (1) to (3) will be released with this paper while the 
other three functional tools are under development and will be released by the later versions. 
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Fig. 1: A visualization of the tools and their connection in different sections of the toolbox. 

These tools are divided into two developed (CityTree, TreeML, and PrunML) and 
under-development (TLV-Generator, TreeML-Planter, and PrunML-Manager) sec-
tions. The outputs of the TLV-Generator will define the target voxels for the 
TreeML-Planter and PrunML-Manager. 

2.1 CityTree  
The CityTree model stands out as one of the rare models capable of simulating tree growth 
in urban settings while simultaneously projecting future tree growth and ecosystem services. 
It operates on a process-based approach, focusing on individual trees, where the primary cal-
culations for tree growth are derived from physical, chemical and physiological equations. 
This unique feature allows calculating biomass increment based on various environmental 
factors. Consequently, the model's uniqueness lies in its ability to simulate tree growth driven 
by climate and water balance, accommodating minor and substantial environmental varia-
tions. Furthermore, the model distinguishes itself by its connection between tree growth and 
ecosystem services, including aspects like water consumption, carbon sequestration, and 
cooling through transpiration and shading. The simulation and analysis of tree growth and 
ecosystem services have been conducted for Central European cities, encompassing both cur-
rent climate conditions and future climate scenarios, as reported by RÖTZER et al., (2019, 
2021). 

The model comprises eight distinct sub-modules, including climate, plant development, wa-
ter balance (WB), photosynthesis, respiration, allocation, shading, and cooling (RÖTZER et 
al. 2019). These sub-models are accessible as separate, individual components within the 
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CityTree tool. Currently, they are designed to function with 12 prominent Central European 
tree species, namely Tilia cordata, Robinia pseudoacacia, Platanus x hispanica, Aesculus 
hippocastanum, Acer platanoides, Acer pseudoplatanus, Fraxinus excelsior, Betula pendula, 
Fagus sylvatica, Populus nigra 'Italica', Quercus robur, Carpinus betulus (Fig. 2). In addi-
tion, efforts are ongoing to expand the compatibility of the CityTree tool to more tree species. 

 

 

 
 
Fig. 2: 
Simulated total biomass increments for 12 
tree species by the CityTree branch bio-
mass sub-model depending on DBH. City-
Tree is a process base simulation model for 
tree growth base on tree structure data and 
climate info and all details are explained 
by RÖTZER et al. (2019, 2021). 

 

 
Fig. 3: A visualization of the CityTree Grasshopper batteries in the GroTree toolbox. It 

contains two input batteries for getting the tree and climate data and four separate 
batteries for calculating tree growth, plant physiology, and ecosystem services. 

The grasshopper batteries and connections of the CityTree tool are visualized in Figure 3. 
This tool contains two input batteries: tree info and climate info. This info can be provided 
by the user or from internal saved data for 12 species. The tool contains four batteries for 
calculating tree growth (basic allocation and detailed tree growth), plant physiology, and 
ecosystem services. 
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2.2 TreeML 
In the context of tree growth models like CityTree, it is well understood that local environ-
mental conditions exert a significant influence. However, the precise quantitative impact of 
these factors on the evolution of a tree's canopy remains a subject of ongoing evaluation. 
Notably, aspects such as nearby buildings and trees can induce changes in canopy shape, but 
these variations are not yet accurately accounted for in these tree growth models. A planning 
approach that neglects to assess these impacts is bound to fall short of achieving the desired 
ESS objectives. 

TreeML is a machine-learning prediction model for tree crown growth based on local envi-
ronmental factors. This model is trained on an extensive dataset with Munich street trees 
(YAZDI et al. 2023) comprising information about urban trees and their immediate surround-
ings, including parameters such as proximity to buildings or other trees, as well as the height 
of adjacent buildings or trees. Its purpose is to anticipate how alterations in the tree crown's 
geometry may manifest when there are nearby structures or trees. The initial version of the 
TreeML model focuses on six commonly found tree species in central Europe, specifically 
Tilia cordata, Acer platanoides, Platanus × hispanica, Robinia pseudoacacia, Populus nigra 
var. italica, Aesculus hippocastanum (Fig. 4). The prediction model of tree height achieved 
the R2-score of 0.83, And the crown radius models in 8 different directions achieved between 
0.67-0.71. Furthermore, the prediction model of the trees' max crown diameter, crown pro-
jection area, and total woody volume achieved R2-score respectively, 0.81, 0.78, and 0.7 
(YAZDI et al. 2024). 

 

Fig. 4: 
TreeML model is a machine learning prediction model 
for tree crown geometry growth. It predicts the accu-
rate crown geometry based on species, DBH, and sur-
rounding objects’ geometry. Surrounding objects con-
tain the neighbor buildings and trees. The details of the 
model and methodology are explained by HADI YAZDI 
et al. (2024). 

The Grasshopper batteries related to the TreeML tool and their connections together are il-
lustrated in the Figure 5. The two main input data for running the TreeML tool are the tree 
data and the surrounding object geometries. Based on these inputs, TreeML can predict the 
tree crown geometry. By changing the DBH input, TreeML can calculate and visualize the 
tree crown growth based on the surrounding objects in the Rhino interface. 
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Fig. 5: A conceptual visualization of the TreeML battery (developed), TreeML-Planter and 

TLV-Generator (under development) in Grasshopper interface regarding their input, 
output, and connections 

2.3 PrunML 
Resprouting is a common strategy for trees to respond to branch loss: new shoots emerge 
from specific dormant buds to replace the previous ones. Understanding the pattern behind 
this phenomenon is the key to predicting the changes in trees after a natural or artificial in-
tervention such as branch pruning. PrunML is a tool to forecast the positions of new shoots 
based on the positions of pruning on a tree structure described by a quantitative structural 
model (QSM, see RAUMONEN et al. 2013). These structural data about trees can be obtained 
through point clouds by LiDAR or photogrammetry surveys. The first version of the PrunML 
tool supports the prediction of Platanus x hispanica. It was trained with 28 annual pruned 
table-topped plane trees at Bruns Nursery in the north of Germany by classical machine learn-
ing models (SHU et al. 2023). The training dataset consists of 34245 cylinders from QSM of 
these trees reconstructed from point cloud by terrestrial LiDAR scanning (Fig. 6). 

 

 
 
 
 
 
Fig. 6: 
PrunML is a machine learning based model for predicting 
the location and number of the new shoots based on the 
QSM data of trees and their pruning position. It is trained 
on Platanus x hispanica species in a controlled nursery 
area. The model details and methodology are explained by 
SHU et al. (2023). 
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All grasshopper batteries related to the PrunML tool, and their connections are shown in 
Figure 7. To start the tool, a QSM and its pruning positions can either be read from a CSV 
file or manually fed in from the grasshopper panel. Based on these two inputs, PrunML pre-
dicts wether there will be new shoot on each cylinder or not. The balanced accuracy of 
PrunML model was 80.3% on the test dataset mentioned above (SHU et al. 2023). 

 
Fig. 7: A conceptual visualization of the PrunML (developed) and PrunML-Manager and 

TLV-Generator (under development) in Grasshopper interface regarding their input, 
output, and connections 

2.4 TLV-Generator 
Generating TLV (Yazdi, Shu & Ludwig, 2023) is essential for optimizing tree planting and 
maintenance. It contains not only occupancy data but also key properties related to biomass 
and ESS, including Leaf Area Density (LAD). In order to propose targets at different stages 
of urban tree design, we are developing a performance-oriented design tool called TLV-
Generator. It uses a generative algorithm tailored to specific design objectives to produce 
TLV results within the bounds of the voxelized potential canopy space. As the fundamental 
step of this workflow, potential leaf voxels are defined based on site boundaries, excluding 
space allocated for grey infrastructure (e. g. buildings) and human use (e. g. traffic). For the 
generative process, we proposed that the first TLV-Generator tool will focus on voxel occu-
pancy and addresses specific human needs that are modeled through a ray tracing method. It 
addresses thermal and visual comfort by tracing sun rays and line-of-sight. Occupancy results 
for TLV are generated by the components in this tool according to defined goals, such as 
shielding against intense summer radiation or ensuring favorable window views for building 
occupants. In the future, we intend to develop further tool version to generate TLV results 
incorporating LAD properties (Fig. 8).  
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Fig. 8: 
TLV-Generator is a performance-oriented design 
tool which uses a generative algorithm tailored to 
specific design objectives to produce TLV results 
within the bounds of the voxelized potential canopy 
space. 

The TLV-Generator batteries and their connections in the GroTree toolbox are shown in Fig-
ure 9. This tool contains three input batteries for establishing the geometries of potential 
voxels, human living space, and tracing rays. With these inputs, along with necessary context 
settings, the TLV-Generator battery is empowered to compute the performance of each voxel 
and determine the TLV. 

 
Fig. 9: A conceptual visualization of the TLV-Generator batteries (under development) in 

the GroTree toolbox, which contain three input batteries for establishing the geom-
etries of potential voxels, human living space, and tracing rays.  

2.5 TreeML-Planter 
Current design approaches often fall short in achieving the best possible ESS. Building on 
the assumption, the prevailing standardized practice of linear tree planting at equal spacing 
and uniform age distribution results in lower ESS achievement, high maintenance costs, and 
encroachment into restricted zones, including human spaces, transit areas, and underground 
infrastructure. 

A tree planting design model is a specialized tree location optimization model that takes into 
account the unique characteristics of the local urban environment during the design and plan-
ning stages. While several tree location optimization models exist (e. g. ESTACIO et al. 2022, 
GHODS et al. 2023, HAO et al. 2022, WALLENBERG et al. 2022), none of these models consider 
trees as dynamic, semi-natural growing entities within urban areas. They primarily represent 
tree geometry as a 3D sphere and focus on optimizing individual indicators, such as shading 
or radiant temperature, using a 2D surface model. 

To address this limitation, there is a need to develop a tree optimization model that targets 
multiple 3D aspects, such as TLV (YAZDI, SHU & LUDWIG 2023). We are developing this 
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model (TreeML-Planter) that is based on the TreeML model. Based on the current research, 
TreeML-Planter can optimize the trees’ locations for increasing the chance of TLV achieve-
ment by using the TreeML model as a crown geometry growth model. Therefore, TreeML-
Planter can suggest the optimum planting location by iterating the growth simulation several 
times to achieve the best optimum accuracy (Fig. 10). TreeML-Planter is proposed to use 
five inputs to be able to suggest the best locations. These inputs are 1) TLV, 2) species, 3) 
target DBH, 4) number of trees, and 5) surrounding geometries (see Fig. 5). 

 

 
 
 
Fig. 10: 
TreeML-Planter is an under-development model which 
optimizes the best location of tree planting to increase 
the chance of TLV achievement. It uses the TreeML 
model to estimate the crown geometry shape in time. 
Next, it calculates the percentage of the target achieve-
ment. Then, the optimization model will iterate these 
growth prediction and calculation until the best result 
will achieve. 

2.6 PrunML-Manager 
The PrunML model predicts the immediate reactions of trees (resprouting) after branch prun-
ing, However, this model alone does not specify operations on trees. The great value of man-
aging trees lies in an iterative process combining branch pruning and shoot regrowth, guiding 
the tree canopy toward desired shapes and functions (YAZDI, SHU & LUDWIG 2023). This 
iterative process takes a relatively long time (several years to daces). To provide specific 
instructions on how to prune (and potentially bend) tree branches in a time sequence to ap-
proach certain TLVs, we are developing a tool named PrunML-Manager (see Fig.7). The 
inputs are (1) TLV, defining where the canopy should or should not develop (see section 2.4), 
(2) current leaf area density distributed in the space (this can be derived from the QSM), and 
(3) current tree structures described in QSM. The model then calculates iterative steps of 
growths of the trees in the framework of a Markov chain model. By relating this forecast to 
the TLV an optimized management-path leading to the target leaf voxels is generated, makes 
specific suggestions when to prune which branches. In a vision, suggestions about when to 
bend which branches towards which directions could possibly be added. 

 

Fig. 11: 
PrunML-Manager is an under-development 
model which calculates iterative steps of growth 
of the trees after pruning in the framework of a 
Markov chain model. It works based on the 
PrunML model that predicts the position of the 
new shoots. 
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3 Discussion and Conclusion 

The GroTree toolbox V1.0 has been outlined to compile practical tools relevant to urban 
trees, aiming to assist designers, planners, gardeners, and other professionals in decision-
making for design and maintenance throughout the life-cycle of trees. By growth prediction 
and the coupled target-driven processeson individual trees, GroTree will enhance the likeli-
hood of achieving ESS by urban forest. For instance, it can give designers guidance toa tree 
crown that is well integrated into the building envelope, similar to the Tree-Façade (HÖPFL 
et al. 2022). 

However, it is important to note limitations in the initial development stage of these tools. 
First of all, only three tools are developed yet, we cannot evaluate the full utilization of the 
proposed toolset yet, especially their impacts to practical works of landscape design and ur-
ban planning. Secondly, the embedded models in the developed tools are research based, 
therefore, the predictions are limited to their experimental settings. In other words, these tools 
can be site-specific, only validated under contingent environmental conditions, using given 
tree species, form, and e. g. the timing of pruning. Some specific limitations for each embed-
ded model are listed below: 

1) CityTree is parameterized for the 12 most common urban tree species based on measure-
ments of over 6000 tree individuals in more than 20 cities in Central Europe. This means that 
the model can be applied to any city due to the process-based approach, but is limited to 12 
tree species. 

2) TreeML is developed with just six main urban tree species and tested on twelve species in 
Munich. However, the test results on the same trees in other cities such as Hamburg and 
Essen indicated larger deviations. Therefore, the first version of the toolbox is limited to these 
common species in Munich. 

3) PrunML is developed and validated with table-topped Platanus x hispanica of the same 
size in Bruns Nursery in northern Germany, featuring these specific tree shape and size. 
Therefore, it is limited for predicting the resprouting of plane trees in the same growing con-
ditions as the investigated trees in the first version. 

The ongoing effort involves analysing a more extensive dataset of tree data in different cities 
to broaden the applicability of the tools to a greater variety of species and urban contexts. 
Furthermore, we plan to evaluate the complete set of tools once established in a follow-up 
research project.  
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