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Abstract. Heating systems must be subjected to hydraulic balancing in order to ensure proper 
operation. When the heating system is hydraulically imbalanced, heat is unevenly distributed 
across dwellings resulting in a large temperature spread, overheating, and consequently, waste 
of energy. In this study, we investigate the extent to which hydraulic imbalance affects the 
thermal energy consumption in buildings. Furthermore, key variables and interactions that 
influence the thermal performance in buildings are identified. Results show that higher variation 
in indoor temperature lead to higher energy consumption. Compared to new buildings, old 
buildings that have large boiler capacity and small heated floor area are more likely to be 
hydraulically imbalanced and to consume more energy. 

1.  Introduction 
In Europe, the building sector is responsible for 41% (27% for residential and 14% for tertiary) of the 
total energy consumption [1]. While energy efficiency of new buildings has been improved as a 
consequence of more stringent building codes, the main challenge is related to old existing buildings 
that represent more than 90% of the existing building stock in Europe. Since 2010, the Energy 
Performance of Buildings Directive (EPBD) has required EU member states’ commitment to adopt 
renovation strategies to improve energy efficiency of old existing buildings [2].  

For residential buildings, space heating is the predominant energy service and represents around 70% 
of the final energy use [3]. The thermal performance of buildings can be improved in three ways, i.e. 1) 
by enhancing the thermal performance of the envelope through improved insulation strategies, 2) by 
replacing the existing heating system by a more efficient one or 3) by optimizing the operation of the 
existing heating system. The first two options require relatively high investment costs and have a long 
payback period [4]. The benefits of the first two options are reduced if the existing heating system does 
not function well. It is therefore important to inspect and optimize the performance of existing heating 
system in buildings [5].  

Focusing on the optimization measures, this study investigates hydraulic balancing, which is one of 
the main approaches applied for heating systems [6]. When the heating system is hydraulically 
imbalanced, the heating medium (typically hot water) that carries thermal energy will be unevenly 
distributed across dwellings, causing overheating, a large temperature spread, and consequently energy 
losses [7]. Energy savings potentials to be harvested from balancing the hydraulic system are estimated 
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in the range of 2-23% through field experiments and simulations [8]–[12]. The estimation requires long-
term monitoring of thermal energy consumption in combination with measurement of temperature [9], 
[10], as well as of the operational data of the heating system such as mass flow rate, supply water 
temperature or temperature difference between supply and return temperature to quantify heat losses. 
[13]. However, if we could correlate the existence of hydraulic imbalance with known physical building 
properties, we would be able to pinpoint candidate buildings more easily and improve the hydraulic 
performances with reduced effort. To our knowledge, there is no study that explored the explanatory 
power of building characteristics in order to establish the need for hydraulic balancing. 

Therefore, with the goal of identifying the key variables that influence hydraulic imbalance and 
consequently, thermal energy consumption, we conduct a two stage-analysis. First, we assess the extent 
to which hydraulic imbalance affects energy consumption in buildings. Because the total energy 
consumption is determined by temperature spread, we aim to understand the influence that the variation 
in indoor temperature across the flats have on thermal energy consumption. Secondly, we investigate 
the effects of building characteristics on the thermal performance of buildings by applying advanced 
regularization method which allows to address the issue of multicollinearity among variables  

2.  Method 
We study 49 multifamily buildings built before 2015 in Geneva (Switzerland). The buildings are heated 
with natural gas and fuel oil-fired boilers for which no hydraulic balancing had been conducted. We 
group the buildings that share one central boiler which resulted in 13 groups. We collected hourly indoor 
temperature between 2016 and 2018 from all 656 flats within the 13 groups of buildings, and annual 
final energy consumption for heating between 2016 and 2018. We correlate standard deviation and mean 
indoor temperature against annual final energy consumption for heating for each group. We then test to 
which extent various variables (number of floors, number of apartments, average dwelling size, height, 
age, boiler capacity and total heated area) explain the standard deviation of indoor temperature and mean 
indoor temperature. Age is introduced as a categorical variable (buildings constructed before 1980, 
between 1981 and 2000, between 2000 and 2015) in the analysis. Table 1 lists the considered variables. 
 

Table 1. Explanation of variables. 

Category Name of variables  Additional explanation 

Building Number of floors - 
 Number of apartments - 
 Average dwelling size Dwelling size (m2) 
 Height Building height (m) 
 Age Building’s construction year 
Heating Total SRE (Surface  

de Référence Énergétique) 
Sum of all heated floor areas (m2) 

Boiler capacity Boiler capacity (kW) 
Energy Average IDC (Indice  

de Dépense de Chaleur) 
Annual final energy consumption for heating  
(MJ/m2/year) 

 
First, we apply linear ordinary least squares (OLS) regression to understand the impact of 

temperature on building energy consumption. Then, we verify multicollinearity based on a variance 
inflation factor (VIF) and apply a prominent shrinkage and selection method for linear regression 
models, called ‘Least Absolute Shrinkage and Selection Operator (LASSO)’[14]. LASSO is one of the 
commonly used regularization methods that correct overfitting which is caused when the model is too 
complex. By adding a penalty, which is the sum of the absolute value of the coefficients, LASSO shrinks 
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some parameters, with minor contribution to outcome, to zero. We subsequently identify a set of 
variables with the highest explanatory power. This technique has been applied to many different 
domains, as it simplifies the model to make it interpretable [15]. The main reasons for using the 
‘LASSO’ technique are to select a small subset of variables that possess high explanatory power (thereby 
addressing the issues of multicollinearity) and to lower computational complexity. A final model is 
developed only with the selected variables for which we repeat OLS regression.  

3.  Results and discussion 
At first, we investigate the correlation between indoor temperature and energy consumption, as shown 
in figure 1. We find that each age group forms a distinctive cluster in the scatter plot. Comparing the 
relationship between mean and standard deviation of indoor temperature on the one hand with annual 
final energy consumption for heating purposes on the other, we observe that the old buildings and new 
ones demonstrate an opposite pattern. The old buildings show low mean indoor temperature and high 
standard deviation of indoor temperature, whereas the new buildings show high indoor temperature and 
low standard deviation. Buildings of medium age take an intermediate position. The higher the mean 
and the standard deviation of indoor temperature is, the more energy is consumed.  

 

 

 
In the next step, we combine all variables and select variables that have the highest explanatory 

power. We examine the variance-inflation factors (VIF) that indicate the level of collinearity among 
variables within a multiple regression [16]. A VIF value of 1 means that there is no multicollinearity 
and a VIF value higher than 1 indicates multicollinearity. As applied in an earlier study [17], we use a 
VIF value of 3.3 as threshold beyond which we carry out LASSO regression. LASSO regression 
effectively selects a subset of variables by applying a fitting procedure and setting the coefficients of 
irrelevant variables to zero. Tables 2 and 3 show the coefficients of the LASSO regression and the 
subsequent OLS regression when the standard deviation and average of indoor temperature are taken as 
a dependant variable, respectively. 

Two variables that have a non-zero coefficient (βL) in both cases (table 2 and 3) after LASSO 
regression, i.e. boiler capacity and total SRE (total heated floor area), are selected as key variables. The 
final models developed using these parameters as independent variables result in a coefficient of 
determination R2 of i) 11.3% for standard deviation of indoor temperature as dependent variable and of 
ii) 49.6% for the average of indoor temperature as dependent variable.  

 

Figure 1. Scatter plot of annual final energy consumption as a function of mean and standard 
deviation (indicated as ‘sd indoor temp’) of indoor temperature between 2016 and 2018 
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Table 2. LASSO regression results for standard deviation of indoor temperature as a dependent 
variable (βL represents the coefficients of the Lasso regression, BOLS stands for the unstandardized 
coefficients of the reduced OLS regression, SEOLS is standard error of unstandardized coefficients) 

Name of variables βL BOLS SEOLS 

Number of floors 0.000000 NA NA 
Number of apartments 0.000000 NA NA 
Average dwelling size 0.000000 NA NA 
Boiler capacity -0.002176 -0.0023 0.001 
Total heated floor area 9.410450e-05 8.74e-05  3.71e-05 
Height 0.000000 NA NA 
Age 0.000000 NA NA 

 
 

Table 3. LASSO regression results for average of indoor temperature as a dependent variable (see 
Table 2 for abbreviations) 

Name of variables βL BOLS SEOLS 

Number of floors 0.000000 NA NA 
Number of apartments 0.000000 NA NA 
Average dwelling size 0.000000 NA NA 
Boiler capacity -0.002176 -0.0023 0.001 
Total heated floor area 9.410450e-05 8.74e-05  3.71e-05 
Height 0.000000 NA NA 
Age 0.000000 NA NA 

 
 

Figure 2 is a scatter plot matrix that shows all possible pairwise scatter plots of the selected variables 
in one figure. We observe that boiler capacity and total heated area are related to the extent to which the 
building is hydraulically imbalanced and to the amount of final energy consumed for heating purposes. 
As the colored zones (orange and green) indicate, old buildings (orange) and new buildings (green) are 
placed in distinctively opposite zones. The new buildings are characterized by small boiler capacity and 
large total heated area, while the opposite is the case for old buildings. In each group, buildings with 
higher boiler capacity and higher total heated area demonstrate higher mean and standard deviation of 
indoor temperature and also higher annual final energy consumption for heating. Data points that belong 
to buildings of the medium age group are spread out rather than showing distinctive pattern.  
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Figure 2. Scatter plot matrix representing the relationship between the level (mean) and deviation 

(standard deviation) of indoor temperature and the explanatory variables 

4.  Conclusion 
As the oldest (before 1980) and newest buildings (between 2000 and 2015) indicate, there is a linkage 
between high standard deviation and high mean of indoor temperature on the one hand with large 
thermal energy consumption on the other (Figure 1 and 2). Based on the regularization method, boiler 
capacity and total heated area are identified to have the highest explanatory power on the variability in 
standard deviation of indoor temperature and mean indoor temperature. To maximize thermal energy 
savings, old buildings (before 1980) with high boiler capacity and large heated area should therefore be 
prioritized for hydraulic balancing. This study is conducted with an intermediate sample size. However, 
by increasing the sample size, we aim to achieve a higher level of statistical significance. This would 
then enable the development of a statistical method that allows to reliably pinpoint buildings for which 
hydraulic balancing should be conducted. 
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