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Abstract 
Greening the city is recognised as a main strategy to 
improve cities liveability, outdoor environment and 
buildings’ energy efficiency in summer. This work 
proposes a machine learning approach to predict, based 
on certain number of previously run simulations, the 
contribution of trees’ shadows to cooling needs reduction 
in Mediterranean climates. This procedure can allow 
urban planners to evaluate a specific situation in terms of 
some easily observed parameters (building shape, type of 
trees, distance from the main façade, orientation, number 
of façades shadowed) and to obtain a fast estimation of 
cooling reduction or a classification in ranges of 
effectiveness of the configuration examined. We used two 
strategies to predict cooling loads of buildings: a single 
threshold and a five categories evaluation. The obtained 
accuracy is about 95% with a single threshold value and 
about 70% with a five-categories classification. 
Key Innovations 
• Machine learning has been used to predict buildings’ 

cooling loads reduction introduced by trees. 
• Several algorithms have been tested and the global 

performance has been optimized. 
• Software R has been used to test the performance of 

the algorithms and to visualize the results. 
Practical Implications 
Urban planning practice can benefit because the 
procedure allows to obtain a prediction based on a limited 
number of simulations. Urban planners can compare the 
resulting savings with other benefits and the cost of 
implementation of the green infrastructure. 
Introduction 
This work applies machine learning to an urban planning 
problem: the decision of where plant trees in a green 
infrastructure project considering the need to shadow 
buildings and reduce the energy needs for cooling. Green 
Infrastructure (GI) provides many benefits to the urban 
environment and to its inhabitants: capture CO2, reduce 
noise and air pollution (Tiwari et al. 2021, Kumar et al. 
2019), release O2, regulate the urban climate through 
evapotranspiration processes (Hamada and Ohta 2010, 
Saaroni et al. 2018, De la Barrera and Reyes 2021), offer 
to users open spaces where they can walk, play sports, and 
other activities (Pappalardo et al. 2018). Within the 
benefits provided by vegetation in cities, shadows 

produced by trees on buildings are quite important: many 
authors estimated cooling need reductions in summer time 
of 20-40% for buildings with façades protected by trees 
(Ng et al. 2012). There are many theoretical studies on the 
shadow effect on cooling needs and consequent energy 
consumption of buildings (Balogun et al. 2014, Laband 
and Sophocelus 2009, Calcerano and Martinelli 2017); 
however, the concrete application of these studies’ results 
on real cases is still an emerging field in urban planning 
practice. Urban planners have to take decisions based on 
many different constraints, like the availability of space 
around buildings of various shapes, heights, and 
orientations. Moreover, they should assure the continuity 
of the GI (for example, to follow sidewalks or bike lanes). 
So, it will be very useful for urban planners a tool for 
supporting their decision process. Such a tool should 
indicate an estimate of energy saving that could be 
obtained by planting a row of trees under the boundary 
conditions they can observe in a quick visit to the place: 
orientations, distance from building, building shape, type 
of tree to be planted. To estimate the energy saving, a very 
common way is to conduct a building performance 
simulation. An expert of building performance simulation 
constructs a model for the building, then insert the 
boundary conditions and the climate file, to finally obtain 
a cooling load result in J or kWh. By comparing the cases 
with and without the trees the energy saving can be 
obtained. The problem is that such process is very long 
and involves the expert work of a building energy 
modeler. So, what if a machine learning process could 
predict the estimate of energy saving based on certain 
number of cases previously modelled? If this is the case, 
a building performance simulation process conducted on 
a reduced sample of cases could then be used to train a 
machine-learning algorithm. Machine Learning (Forsyth 
2019) is a branch of artificial intelligence science focused 
on building applications that learn from data and improve 
their accuracy in doing predictions. In general, machine 
learning can be guided or not guided by humans 
(depending on the type of data available) and can produce 
as outputs a prediction (by regression) or a classification 
of new data (Kubat 2017). Machine learning has been 
already used in urban planning problems (Oh et al 2006, 
Liu et al. 2017, Ye et al. 2019), as well as in thermal 
comfort and building’s energy loads prediction 
(Ngarambe et al. 2020, Karatasou et al. 2006), suggesting 
the capability of the algorithm to predict the cooling loads 
reduction also incorporating the effect of the trees’ 
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shadows. In machine learning, different algorithms can be 
used to recognize patterns and make predictions. Most 
important properties of the learning process and 
validation test for each algorithm are: sensitivity, 
specificity and accuracy. Sensitivity refers to the 
capability of the algorithm to correctly identify the 
“positives”, i.e. the situations that have certain condition. 
Specificity refers to the capability to correctly identify the 
“negatives”, i.e. the situations that have not certain 
condition. Accuracy is the number of predictions that 
actually match the real value. The relative importance of 
sensitivity or specificity depends on the type of test 
realized. The nature of our problem (previously run 
simulations will be used to predict the performance of 
new cases) refers to a guided machine learning process, 
with both options of continuous (prediction) or 
categorical (classification) output. We will try to obtain 
first a continuous prediction of cooling loads reduction, 
then we will shift to classification methods (binary and 
multicategories). Respect to algorithms, a general 
classification can divide them in algorithms to be used on 
labelled data or on not labelled data. The first case is our 
case, because the data have been constructed by a 
controlled simulation process. For labelled data, 
algorithms are generally divided in three groups (Dey 
2016): 
• Regression algorithms, which predicts an 

independent variable value as a function of a set of 
dependent variables values. Algorithms can do a 
regression that can be linear or not. The method is 
used normally in continuous predictions and is quite 
used in medical and biological applications (Sidey-
Gibbons 2019).  

• Instance-based algorithms, which use a classification 
system to estimate the probability of a point to be in 
a group of in another depending on the value of its 
neighbours. Typical algorithm is the Knn (k nearest 
neighbours), quite used in text mining and other non-
labelled applications but also useful in some labelled 
categorical classification. It has to be expected to 
underperform in continuous evaluation (Guo et al. 
2003). 

• Decision trees, which use a classification method to 
do recommendations based on a tree of classification 
rules. Among them, Random Forest methods (which 
generates multiples trees and select that best fitting 
the train data set) has been used in various field of 
science such as geology (Rodriguez-Galiano et al. 
2015) and remote sensing (Pal 2007).  

Nevertheless, today many machine learning strategies use 
mixed approaches, for example Loess algorithms use a 
generalized liner regression (Glm) and a Knn (k-nearest 
neighbours) mixed together to obtain more accurate 
continuous predictions. Another strategy used in machine 
learning is the ensemble. An ensemble put together the 
results of different algorithms’ evaluations by selecting 
the values that are more frequent in these outputs. 
Ensembles normally present higher accuracies respect to 
single algorithms methods (Irizarry 2020).  

Methodology 
Selection of the samples and building performance 
simulation  
First step is to determine the samples to be simulated. In 
order to improve the applicability in practice, the samples 
have been selected from a real case of study, an urban 
development zone placed in Catania, Italy (figure 1).  

 
Figure 1: area of study in Catania metropolitan region  
The climate is a typical Mediterranean climate, with mild 
winter season and hot summer season, normally dry). The 
Köppen-Geiger classification is Csa (Peel et al. 2007). In 
this climate, previous studies suggest that the reduction of 
building’s cooling needs should vary in the range 10-40% 
respect to the unshaded case (Palme et al. 2019 and 2020).  
 

 
Figure 2: example of T shaped buildings and space 

availability for planting trees  
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Among the urban development zone, we selected a 
specific sector and grouped the buildings typologies 
according to the plan shape and the space available to 
place trees (figure 2). In the specific case, the availability 
depended on the disposal of private areas to be transferred 
to the public domine and used to place a GI. Then, we 
select three trees’ types to be tested with specific 
properties of solar radiation transmission (assessed by 
image processing with GLA software, figure 3 and table 
1), and obtained a total of 123 cases to simulate. Table 2 
and 3 resume the building envelope and operation 
parameters used in the simulation (done with TRNSYS 
17, figure 3). Table 4 reports the window/wall ratio of the 
buildings depending on the plan shape (T, L, C or I shape). 

 

 
Figure 3: trees morphology and fish-eye images used to 

obtain solar permeability 
 

Table 1: sky-view factor and radiation permeability 
 Sky View Factor - 

SVF (%) 
Solar Permeability - SP 
(%) 

Type 1 22.7 21.6 

Type 2 12.1 11.5 

Type 3 14.7 14.3 

 
Table 2: envelope parameters used in simulations 

 Construction U (W/m2K) Solar 
absorption of 
opaque 
surfaces / 
solar 
transmission 
of windows  

Walls 30 mm plaster - 80 
mm clay brick - 90 
mm XPS Extruded 
Polystyrene - 80 mm 
clay brick -  20 mm 
plaster 

0.56 0.60 

Roofs 200 mm Reinforced 
concrete -  70 mm 
XPS Extruded 
Polystyrene 

0.32 0.60 

Windows Aluminum window 
frame single glazed 
8mm 

5.8 0.86 

 

Table 3: operational parameters used in simulations 
Description Schedule or control Value 
Light gains 18-22 hours 5 W/m2 
Cooling set point 0-24 hours 26  °C 
People 0-24 and 50 m2 per 

person 
1 met 

Solar transmission Open if radiation on 
façade < 120 W/m2, 
close if >140 W/m2 

0.4 

 
Table 4: window/wall ratio for building plan shapes 

Building 
plan shape 

Floor 
surface 

Window/Wall 
ratio  

(Main façade) 

Window/Wall 
ratio  

(Others façades) 
I 480 m2 20% 7% 
C 800 m2 20% 20% 
T 400 m2 20% 15% 
L 528 m2 20% 20% 

 

 
Figure 3: TRNSYS studio model (TRNSYS 2021) 
Once obtained the simulation results for the 123 
configurations analysed, a machine learning strategy can 
be designed to train and test different algorithms. 
 
Machine learning development: selection of the 
evaluation method, algorithms and predictors 
In this work, four different algorithms (Knn, Random 
Forest, Glm and Loess) are tested as well as the ensemble 
of all of them, both considering a continuous and a 
categorical evaluation. The logic of recognition of each 
algorithm is different, so different results in terms of 
accuracy should be expected. Moreover, each of these 
algorithms has different properties of sensitivity, 
specificity and global accuracy. In the case of trees’ 
shadows, sensitivity is more important than specificity, 
because it is necessary to avoid selecting as favourable a 
case that is really not.  
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Machine learning needs variables to be used as predictors 
of a result, which can be, as we saw, continuous or 
categorical. Normally, the more the predictors, the better 
the accuracy of the prediction. The nature of the specific 
problem is so complex (involving the relation buildings-
trees) that a number of approximations should be done. In 
this case, we consider the same operational settings and 
envelope properties for all the buildings. However, the 
approach can be extended by the inclusion of new 
observations or new parameters to be used as predictors, 
resulting in a very flexible tool to estimate the saving that 
can be obtained in each configuration tested (e.g. building 
construction year, climate zone, material properties).  
Initial predictors used in this work are:  
• The number of façades that can be shadowed 

according to space availability around building: not 
all configurations permit to shadow two or three 
façades, most of cases only permits to shadow one.  

• The plan shape of the building to be shadowed. In the 
simulation set, I divided the buildings in four groups: 
“C”, “T”, “L” and “I” shaped. All buildings have four 
floors (12 meters height).  

• The tree types. Some trees are capable to better 
shadow the building, because of solar permeability 
(depending on the density of the leaves) and tree’s 
geometry (height and width). We tested three 
different types. Solar permeability has been obtained 
by analysing fish-eye images with Gap Light 
Analyzer (GLA) tool (Frazer et al. 1999). 

• The orientation of the building’s main façade. The 
main façade is the façade with more windows, and it 
is typically the largest façade of the building. 
Different orientation needs of different shadowing 
strategy: if the main building façade faces the Sun 
(south orientation in northern hemisphere, north 
orientation in southern hemisphere), there is a 
maximum angular altitude for the Sun projection, 
which depends on the latitude. If the main façade 
faces East or West, the situation in different because 
of the apparent Sun’s movement: during some 
moments of the day, the Sun will stay directly over 
the building, while during other hours of the day it 
will stay in front of the façade (at sunrise and sunset).  

• The distance of the tree row from the façade. The 
trees are supposed to be placed in continuous rows at 
the minimum distance available following boundary 
conditions. The more the distance, the less the 
shadow that the tree will produce on the façade.  

• The deviation of the shadow. In some cases, it is 
impossible to directly shadow the main façade and 
the trees’ row has to be placed in another orientation. 
This predictor is the angular deviation summarized in 
three possible configurations (0, 90, 180 degrees).  

 
Table 5 resumes the predictors for some considered 
configurations and the energy saving result. 

 
 

Table 5: some configurations tested 
 N fachade 

shadowed 
Plan 
shape  

Tree 
type 

Main 
orien
t 

Dista
nce 
(m) 

Devi
ation 
(˚) 

Savi
ng 
(%) 

1 1 C Type 3 South 7.6 90 10 

2 1 C Type 1 South 7.6 90 27 

3 2 T Type 1 South 7.2 0 46 

4 1 L Type 1 West 6.3 90 25 

5 1 T Type 2 East 3 0 18 

6 3 I Type 2 South 1.5 0 38 

7 1 I Type 2 South 22.7 0 10 

 
Results 
In the follow we present briefly the results of building 
performance simulation, then the machine learning results 
using a train set of 93 cases and a validation test set of 30 
cases.  
Building Performance Simulation results  
Building Performance Simulation conducted on the 
universe of 123 cases evidenced a saving range among 5-
45%. Due to the complexity of simulation and the number 
of variables involved, it is not so easy to understand the 
behaviour of the trees-building combinations. Figure 4 
resumes the cooling loads and the potential saving of each 
configuration. About the 50% of the cases present more 
than the 15% of energy saving. For this reason, 15% will 
be selected as a threshold value for a binary categorical 
evaluation.  
 

 
Figure 4: results of building performance simulations 
 

 
Figure 5: savings vs number of fachades shadowed 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
724

 
 

https://doi.org/10.26868/25222708.2021.30196



Simulation results have been previously analysed in deep 
(Palme et al. 2019 and 2020). Most important conclusions 
are the following:  
• The number of façades in shadows is the most 

important factor in reducing the cooling loads. All the 
studied cases with 2 or 3 façade shadowed presented 
energy savings of more than 20% respect to the 
unshaded case (figure 5). 

• The orientation of the shadow is important, West 
oriented and South oriented façades should be 
privileged in selection. 

• The distance from the building depends on the tree 
height and should be in the range 3-7 m to produce 
effective shadows.  

• The tree morphology is quite more important than the 
tree solar permeability. Better to select a higher tree, 
with less permeability than the opposite. 

 
Machine learning results 
To conduct the machine learning process, we installed in 
the software “R” all the packages needed. Then, we 
generated the train and test sets. We choose a 25% of 
cases to be in the test set. More than 25% is difficult 
because of the low number of data available. Less than 
25% could lead to not very credible results. We trained 
different algorithms (Knn, Random forest, Glm and 
Loess). Results in terms of continuous predictions are 
quite poor. The mean energy saving of test set is 16.55%, 
while the prediction result varies from approximately 9 to 
25%. The RMSE is listed in the table 6 for each algorithm 
and for the ensemble:  
 

Table 6: RMSE for the algorithms 
Method RMSE 
Knn 9.13 
Random Forest 5.93 
Glm 5.36 
Loess 5.20 
Ensemble 5.31 

 
As RMSE is always more than the 30% of the mean value 
of saving, it will be difficult to predict the energy saving 
with a reasonable confidence interval. However, a 
practical tool to be used in planning does not need to 
present a numerical value as a result. It could be very 
useful a tool that helps planners to decide whether or not 
to plant a row of trees in each configuration. We 
established a threshold value of 15%: under this value it 
is not recommended to plant the trees. Now, we can use 
machine- learning approach to predict if the saving will 
be more or less than the threshold and check the accuracy. 
We tried Knn first:  
 
 
 

 
## Confusion Matrix and Statistics (Knn)  
##    Reference  
##  Prediction  N  Y   
##   N 13 1    
##   Y 5 14  
## Accuracy: 0.8182 95%  
## CI : (0.6454, 0.9302)  
## No Information Rate : 0.5455  
## P-Value [Acc > NIR] : 0.001007  
## Kappa : 0.6413  
## Mcnemar's Test P-Value : 0.220671  
## Sensitivity : 0.7222  
## Specificity : 0.9333  
## Pos Pred Value : 0.9286  
## Neg Pred Value : 0.7368  
## Prevalence : 0.5455  
## Detection Rate : 0.3939  
## Detection Prevalence : 0.4242  
## Balanced Accuracy : 0.8278  
So Knn predicts the Y/N selection with a 82% of 
accuracy. Trying the other algorithms and the ensemble, 
we obtained these results (table 7): 
 

Table 7: accuracy of different algorithms 
Method Accuracy 
Knn 0.818 
Random Forest 0.909 
Glm 0.939 
Loess 0.909 
Ensemble 0.970 

 
We see that most of the algorithms can predict the option 
Y/N with more than a 90% of accuracy. Best performance 
is the ensemble with a 97% of accuracy. The Random 
forest approach is very interesting because we can see 
which predictors are the most important in selection: the 
number of façades shaded (used the 100% of times), the 
tree type (some trees permit to shade better the buildings), 
and the distance from the façade (the bigger the distance, 
the lower the shadow). Then the angular deviations 
between the row of trees and the façade and the plan shape 
of the building (buildings with “I” shape perform in 
general better than others, due to the fact that is easier to 
shadow the main façade). This result is absolutely 
consistent with observed relation among variables and 
energy savings described by other studies (Palme et al. 
2020, figure 5). The presence of trees protecting a second 
or a third façade, guarantee a minimum saving of 20% and 
has a median of 30%. A single façade shadowed cases 
present a minimum o 3% and a median of 15% energy 
savings. 
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##  rf variable importance ##  
##  number.of.fachades.shadowed  100.000  
##  tree.typepinus   62.645 
##  distance    41.593 
##  desviation    31.619 
##  plan.shapeI    21.463 
##  tree.typeplatanus   5.887 
##  plan.shapeL    4.872 
##  plan.shapeT    2.780 
##  orientationS    1.101 
##  orientationW    1.015 
##  orientationN    0.000  
 
Another interesting result of Rf algorithms is the 
sensitivity (100%). In the urban planning problem 
sensitivity should be privileged respect to specificity 
because the most important thing is not to choose as 
favourable (Y) a case that it is really not (N). So Rf 
approach assure that the minimum of 15% energy saving 
is obtained.  
 
## Confusion Matrix and Statistics (Random Forest)  
##   Reference   
## Prediction  N  Y    
##  N 18 3    
##  Y 0 12  
## Accuracy : 0.9091 
## 95% CI : (0.7567, 0.9808)  
## No Information Rate : 0.5455  
## P-Value [Acc > NIR] : 7.304e-06  
## Kappa : 0.8136  
## Mcnemar's Test P-Value : 0.2482  
## Sensitivity : 1.0000  
## Specificity : 0.8000  
## Pos Pred Value : 0.8571  
## Neg Pred Value : 1.0000  
## Prevalence : 0.5455  
## Detection Rate : 0.5455  
## Detection Prevalence : 0.6364  
## Balanced Accuracy : 0.9000  
 
The 100% sensitivity obtained by RF method, suggests 
that the algorithm should be selected, even if other 
algorithms (in this case GLM) have a better global 
accuracy. The ensemble has also a sensitivity of 100% and 
a better specificity. It actually predicts correctly 32 cases 
of 33. Now, we can also try to establish more than two 
classes. For example, we can decide that for savings less 
than 5% there is a “very low” saving, for savings between 
5 and 15% a “low” saving, for savings between 15 and 
25% a “medium” saving, for savings between 25 and 35% 

a “high” saving and for savings more than 35% a “very 
high” saving. The confusion matrix looks like this:  
 
## Confusion Matrix and Statistics  
##   Reference    
## Prediction  high low medium very high very low  
##      high    1 0 0 0 0 
## low    0 13 1 0 3 
## medium    4 0 5 0 0 
## very high  0 0 0 4 0 
## very low    0 0 0 0 2 
 
Notice that the practical result is quite good: only in three 
cases the ensemble assigns a “low” value to cases that in 
reality should be “very low”. In four cases assign 
“medium” to cases that should be “high” but this will not 
result in underperforming: if selected, the performance of 
the trees configurations will be better than expected. 
Now check the accuracy of the algorithms for this 5 
classes classification (table 8):  
 
Table 8: accuracy of the algorithms for five cathegories 

evaluation 
Method Accuracy (5 cat) 
Knn 0.485 
Random Forest 0.606 
Glm 0.636 
Loess 0.636 
Ensemble 0.758 

 
In this case, we obtain an accuracy of 76% with the 
ensemble, not bad but it should be further improved. We 
will need more data (we have now only 123) to do that.  
Discussion 
First attempts in using this methodology show that a 
prediction in terms of a continuous variable (cooling loads 
or energy savings of a specific configuration) is quite 
difficult to be obtained precisely (root mean square error 
of about 30%). Otherwise, a categorical evaluation can be 
obtained with an accuracy of about 95% with a single 
threshold value and about 70% with a five-categories 
classification. Such a result is useful for planners, who 
often take the decision in function of the question: is 
effective (in this configuration) to plant trees (or not)? 
Machine learning approach can answer to this question 
with a 95% of accuracy once established the threshold 
value (e.g. the saving that permits to equilibrate the cost-
benefit analysis result, or a fixed value established as 
reasonable or optimal). Among algorithms, random forest 
seems very interesting because of the high sensitivity (it 
assures that the minimum performance is achieved) and 
because the indication of the variable importance, that is 
a very useful result to be taken in consideration for future 
planning decisions.  
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Limitations of the approach and future 
development 
With this work we developed a machine-learning strategy 
to predict the energy saving that buildings can achieve 
when rows of trees are used to shadow the façades. We 
used a set of building performance simulation results (123 
cases). We used the 75% of these cases to train machine-
learning algorithms (knn, random forest, glm and loess) 
and the 25% to test the accuracy of predictions. The 
RMSE of exact energy saving prediction is quite high 
(rounding 30%); nevertheless, a categorical prediction 
(more or less than 15%) is very accurate. The best result 
is achieved by the ensemble, with a 97% accuracy. A 
prediction that uses five categories is not so accurate, 
achieving a 76% as the best performance (always the 
ensemble performs better). Among algorithms, Glm and 
Loess perform slightly better than Random Forest and 
Knn. However, Random forest is interesting because its 
high sensitivity. As observed in the result section, 
sensitivity is important in practice, guaranteeing that real 
case will not underperform respect to prediction. The 
analysis of the variable importance in random forest 
prediction, suggests that the number of façades shadowed 
and the tree species are the most important predictors to 
be used.  
Among limitations of the work, we should mention: 
• The cooling effect produced by trees has different 

component, as evapotranspiration, direct shadowing, 
air convection, reduced long wave radiation. Here we 
focused on the shadows produced by trees on the 
façades of buildings.    

• The shadow is supposed to be uniform on the façade 
for each building storey.  

• The analysed buildings have similar characteristics 
(e.g. the same number of storeys).  

• 123 cases are a relatively small train/validation set for 
machine learning. 

• All considered cases are placed in one climate.  
• In general, machine learning studies applied to 

energy demand response need for experimental 
validation (Antonopoulos et al. 2020).  

Consequently, future development of this work will 
include at least:  
• The improvement of trees modelling to account for 

several trees’ properties. 
• The simulation of more configurations to improve the 

performance of the machine-learning.  
• The check of the accuracy in similar projects (with 

other emplacements but similar climates)  
• The development of a climate-sensitive strategy 

(which should include latitude and climatic data as 
new predictors).  

Final goal should be the development of a user-friendly 
tool to be used in supporting urban planning for different 
climatic location, building typologies and urban 
morphologies.  
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