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Abstract

District heating networks are commonly addressed in the literature as one of the most effective solutions for decreasing the 
greenhouse gas emissions from the building sector. These systems require high investments which are returned through the heat
sales. Due to the changed climate conditions and building renovation policies, heat demand in the future could decrease, 
prolonging the investment return period. 
The main scope of this paper is to assess the feasibility of using the heat demand – outdoor temperature function for heat demand 
forecast. The district of Alvalade, located in Lisbon (Portugal), was used as a case study. The district is consisted of 665 
buildings that vary in both construction period and typology. Three weather scenarios (low, medium, high) and three district 
renovation scenarios were developed (shallow, intermediate, deep). To estimate the error, obtained heat demand values were 
compared with results from a dynamic heat demand model, previously developed and validated by the authors.
The results showed that when only weather change is considered, the margin of error could be acceptable for some applications
(the error in annual demand was lower than 20% for all weather scenarios considered). However, after introducing renovation 
scenarios, the error value increased up to 59.5% (depending on the weather and renovation scenarios combination considered). 
The value of slope coefficient increased on average within the range of 3.8% up to 8% per decade, that corresponds to the 
decrease in the number of heating hours of 22-139h during the heating season (depending on the combination of weather and 
renovation scenarios considered). On the other hand, function intercept increased for 7.8-12.7% per decade (depending on the 
coupled scenarios). The values suggested could be used to modify the function parameters for the scenarios considered, and 
improve the accuracy of heat demand estimations.
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Abstract 

Heating, Ventilation, and air-conditioning (HVAC) systems have been widely equipped in modern buildings to provide thermal 
comfort and acceptable indoor air quality, and always represent the largest primary energy end-use. As reported by many 
researchers, the cooling loss is prevalent in HVAC systems during cooling transmission from cooling sources (chillers) to cooling 
end-users (conditioning zones), and in some cases, it may even account for as high as 55% of the system total heat flow. At the 
design stage of an HVAC system, incomplete understanding of the cooling loss may lead to improper sizing of the HVAC 
system, which may result in additional energy consumption/economic cost (if oversized) or cause insufficient thermal comfort 
problems (if undersized). Therefore, the cooling loss in a typical HVAC system is significant, and it should be considered in the 
HVAC system sizing. For HVAC system sizing or retrofit, although there are many studies in the uncertainty in predicting the 
building peak cooling load, the uncertainty associated with the maximum cooling loss of the HVAC systems are still neglected. 
Therefore, this study proposes a study to investigate the uncertainty associated with the key parameters in predicting the 
maximum cooling loss in the HVAC systems using the Bayesian Markov Chain Monte Carlo method. The prior information of 
the uncertainty together with the available in-situ data is integrated to infer more informative posterior description of the 
uncertainty. The studied uncertain parameters can either be used for retrofit analysis or be used for prediction of the HVAC 
system performance. Details of the proposed methodology are illustrated by applying it to a real HVAC system.  
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1. Introduction 

A properly sized HVAC system will provide the desired level of thermal comfort and will have a high energy 
efficiency and economic efficiency. However, due to a lack of knowledge and accurate information on load 
condition (such as weather condition and internal gain) as well as on the properties of HVAC components (such as 
leakage and thermal conduction), uncertainty exists in the design process and may easily lead to improper selection 
of HVAC system size. In fact, oversizing of HVAC systems is very common, with some systems even being 
oversized by as much as 100% (Djunaedy et al. 2011). Therefore, uncertainty should be considered at design stage of 
HVAC system. 

Much effort has been devoted to investigating uncertainty related to peak cooling load prediction. However, a 
proper sizing is not only affected by uncertainty associated with building peak load but also uncertainty associated 
with effective cooling capacity supplied by HVAC system. Literature reviews show that cooling loss is prevalent in 
HVAC systems (Hunter 1941; Bhatt 2000). For example, Hunter’s report (1941) shows that aged copper pipe has a 
cooling loss of 25 to 65%, and aged ferrous pipe even has a loss of 40% to 80%. Bhatt (2000) studied three real 
HVAC systems and found that cooling loss occurs in chilled water piping systems and AHUs. Cooling loss from 
AHUs could be as high as 55%. Therefore cooling loss in a typical HVAC system is significant, and it should be 
considered in HVAC system sizing. However, accurate description of cooling loss is not easy and the associated 
uncertainty should be taken into account as what has been done in the peak load prediction.  

In recent years, Bayesian Markov Chain Monte Carlo (MCMC) simulation has received increasing attention in 
building energy simulation (Huang et al. 2015; Tian et al. 2016; Li et al. 2016). For instance, Huang et al. (2015) 
gave detailed description of the Bayesian MCMC method and used it to calibrate the aging effects of a real chiller. 
Notably, Tian et al. (2016) proposed a complete framework for parameter estimation using the Bayesian MCMC 
method, which including main steps of sensitivity analysis, correlation analysis, regression analysis and Bayesian 
analysis. Li et al. (2016) conducted the Bayesian MCMC simulation based on Gaussian Process model and three 
different linear models and compared their differences. 

This paper proposes to use the Bayesian MCMC method to identify the uncertainty associated with the maximum 
cooling loss prediction at HVAC system side using available in-situ HVAC system operational data. The proposed 
method employs the Bayesian MCMC method to calibrate the uncertain input parameters. The calibrated results can 
be used for decision making in retrofit analysis, or even used for future HVAC system design. Details of the 
investigation will be illustrated by applying the proposed method to a real HVAC system. 

2. Cooling loss in the piping network of HVAC systems 

Cooling loss is defined as the cooling amount dissipated during transmission from cooling generating devices 
(chillers) to cooling receiving end-users (conditioned zones). Mathematically, it is the deviation between the cooling 
capacity supplied by chillers and cooling amount received by end-users (conditioned zones). Table 1 lists the major 
sources of cooling loss in the piping network of HVAC systems and their causes. The total cooling loss is the sum of 
the cooling loss from chilled water pipes and supply air ducts to their surrounding environment (Qclp), the cooling 
loss due to the work done by pumps (Qwp), and the cooling loss due to chilled water leakage (Qwl) (Blasnik et al. 
1995; ASHRAE 2009). Eqn. (1) shows the total cooling loss model. 

 
Qcltot=Qclp + Qwp + Qwl                                                                          (1) 

Table 1 Sources of cooling loss and associated parameters 

Symbol Sources Reasons 

Qclp Cooling loss from pipe to 
surrounding environment 

Heat transfer from chilled water to ambient environment due to heat conductivity inside pipes 
and insulation material 

Qwp Cooling loss due to work done 
by pumps and motor friction 

Work done by pumps on chilled water adds heat to chilled water; when motor is installed inside 
pump, friction will heat chilled water 

Qwl Cooling loss due to chilled Chilled water leaks due to factors such as galvanic corrosion, failure of thread sealant, poor 
machining of the threads, gasket deterioration in grooved connections, poor quality of the pipe or 

http://crossmark.crossref.org/dialog/?doi=10.1016/j.egypro.2017.12.681&domain=pdf
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water leakage fittings, vibration, stress, improper assembly, or excessive operating pressures beyond design. 

3. Methodology 

The process of investigating uncertainty associated with the cooling loss in the chilled water loop consists of five 
stages: to collect input parameters, to construct physical model/linear surrogate model, to do sensitivity analysis, and 
to calibrate the model using Bayesian inference and the Markov Chain Monte Carlo method. Details of each stage 
are illustrated below. 

3.1. Collection of input parameters 

In this step, information about the input parameters for estimating the maximum cooling loss should be collected. 
Since this study aims to investigate uncertainty associated with the maximum cooling loss, input parameters are 
selected at the time point when chiller plant reaches its maximum cooling capacity. When the supply chilled water 
temperature is greater than the set-point supply chilled water temperature, the chiller plant is considered to reach its 
maximum cooling capacity (ASHRAE 2009, Huang et al. 2015). Information and data can be obtained from the 
HVAC system design handbooks and the manufacturers of the major components, such as chillers, pumps, fans, 
pipes, ducts, etc., or be collected from available database or literature. For instance, ASHRAE handbook (2009) 
introduces uncertainty in thermal conductivity of insulation materials. Kim and Augenbroe (2013) recommend 
distributions and ranges for quantifying uncertainty in motor efficiency and indoor convective heat transfer 
coefficient. For the rest parameters, they can be assumed to follow normal distribution: the mean is the base-case 
value and the standard deviation is about 10% of the mean if following the work of Sun et al. (2014) and Rodríguez 
et al. (2013). 

3.2. Construction of energy physical model/ linear surrogate model 

Energy physical models (based on order-reduced heat balance models) can be used directly in Bayesian 
calibration process if they are not computationally complex. However, when the computational cost is high, 
surrogate models should be used to improve the calculation efficiency. In recent years, linear models have been 
widely used in building energy calibration and prediction. For instance, Tian et al. (2016) discussed the advantages 
of using linear models for building energy calibration, namely more robust and flexible in transformation (log, 
inverse, square function etc.), and applied linear surrogate model to identifying informative energy data. Since 
energy physical model for estimating maximum cooling capacity loss is not complex (it is not a dynamic model), it 
is used directly in Bayesian calibration process. This paper will not introduce the construction of linear surrogate 
models. Details about how to build a linear surrogate model can be found in Tian et al.’s (2016).  

3.3. Sensitivity analysis 

Sensitivity analysis is the study of how the uncertainty in the output of a model can be apportioned to different 
sources of uncertainty in the model input (Tian 2013). As there may be a large number of uncertain input parameters 
in an energy model, and in most cases some of these uncertain parameters have little impact on the output, it is 
computationally inefficient to consider the unimportant uncertain parameters in Bayesian calibration process. 
Therefore, distinguishing the important parameters from unimportant parameters can improve calibration efficiency 
dramatically without sacrificing the results accuracy. Introduction of different sensitivity analysis methods can be 
found in literature (Tian 2013). In this study, Standard Regression Coefficient (SRC) method was used.  

3.4. Bayesian inference and Markov Chain Monte Carlo sampling method 

For a given model y = f( θ1, θ2, … , θm; X) + ε , where X = [x1, x2, … xk]  are k variables, θ1, θ2, … , θm  are m 
uncertain input parameters, ε~N(0, σ2) is random error term with standard deviation σ and y is output, Bayesian 
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inference can deduce posterior joint distribution of all uncertain parameters P(θ1, θ2, … , θm, σ|ydata; Xdata) by (Box 
and Tiao 2011) 

 
P(θ1, θ2, … , θm, σ|ydata; Xdata) =

P(ydata|θ1,θ2,…,θm,σ;Xdata)⋅P(θ1,θ2,…,θm,σ)
P(ydata|Xdata)

                               (2) 

 
where P(ydata|θ1, θ2, … , θm, σ; Xdata) is the likelihood probability shows possibility that output data ydata  occurs 
given prior information of θ1, θ2, … , θm, σ and variables Xdata; P(θ1, θ2, … , θm, σ) is the prior joint probability that 
describes the possibility of θ1, θ2, … , θm, σ occurring;  P(ydata|Xdata) is a normalized constant.  

Markov Chain Monte Carlo method is a powerful sampling technique which can generate samples for a row of 
parameters from a complex distribution (Huang et al. 2015; Tian et al. 2016). Details about the Markov Chain Monte 
Carlo sampling method can be found in literature (Huang et al. 2015).  

4. Case studies 

In the case studies, the maximum cooling loss at the chilled water side of a real HVAC system was analyzed. The 
HVAC system was equipped to provide cooling for Academic Building 3 at City University of Hong Kong, see Fig. 
1. (a). It has a primary constant/ secondary variable piping system. Its schematic diagram is shown in Fig. 1. (b). 

 

a            b  

Fig. 1.  (a) Configuration of the studied HVAC system;  (b) Exterior of the case building 

Table 2 shows the quantification of uncertain input parameters. The mean of these parameters were set according 
to the base value. The standard deviations of a part of the parameters were assumed to be 10% of the mean value 
following the work of Sun et al. (2014) and Rodríguez et al. (2013). For parameters that only approximate lower and 
upper limits are known, triangular distributions were used (Li et al. 2016). Gamma distribution was assigned to 
parameters whose possible value does not strictly follow normal distribution. 

Table 2 Quantification of uncertain parameters 

No. Parameter Unit Distribution Mean Std. lower limit upper limit 

1 Chiller rated capacity kW Normal 2345 234.5 1758.75 2931.25 

2 Ambient air temperature ℃ Normal 29 3 22 34 

3 Supplemental water temperature ℃ Normal 23 2.5 20 30 

4 Pipe thickness mm Triangular 35 0 15 40 

5 Thermal conductivity of pipe W/(m·K) Normal 350 80 200 500 

6 Insulation layer thickness mm Triangular 20 0 0 30 

7 Thermal conductivity of insulation layer W/(m·K) Gamma 5 8 0.0005 100 

8 Indoor convective heat transfer coefficient W/(m2·K) Gamma 3 0.5 0.0005 6 

9 Pump motor efficiency - Normal 0.7 0.1 0.55 0.9 

10 Overall pump efficiency - Normal 0.75 0.08 0.5 0.9 

11 Motor friction loss coefficient - Normal 0.25 0.1 0.05 0.5 
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water leakage fittings, vibration, stress, improper assembly, or excessive operating pressures beyond design. 
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where P(ydata|θ1, θ2, … , θm, σ; Xdata) is the likelihood probability shows possibility that output data ydata  occurs 
given prior information of θ1, θ2, … , θm, σ and variables Xdata; P(θ1, θ2, … , θm, σ) is the prior joint probability that 
describes the possibility of θ1, θ2, … , θm, σ occurring;  P(ydata|Xdata) is a normalized constant.  

Markov Chain Monte Carlo method is a powerful sampling technique which can generate samples for a row of 
parameters from a complex distribution (Huang et al. 2015; Tian et al. 2016). Details about the Markov Chain Monte 
Carlo sampling method can be found in literature (Huang et al. 2015).  

4. Case studies 

In the case studies, the maximum cooling loss at the chilled water side of a real HVAC system was analyzed. The 
HVAC system was equipped to provide cooling for Academic Building 3 at City University of Hong Kong, see Fig. 
1. (a). It has a primary constant/ secondary variable piping system. Its schematic diagram is shown in Fig. 1. (b). 

 

a            b  

Fig. 1.  (a) Configuration of the studied HVAC system;  (b) Exterior of the case building 

Table 2 shows the quantification of uncertain input parameters. The mean of these parameters were set according 
to the base value. The standard deviations of a part of the parameters were assumed to be 10% of the mean value 
following the work of Sun et al. (2014) and Rodríguez et al. (2013). For parameters that only approximate lower and 
upper limits are known, triangular distributions were used (Li et al. 2016). Gamma distribution was assigned to 
parameters whose possible value does not strictly follow normal distribution. 

Table 2 Quantification of uncertain parameters 

No. Parameter Unit Distribution Mean Std. lower limit upper limit 

1 Chiller rated capacity kW Normal 2345 234.5 1758.75 2931.25 

2 Ambient air temperature ℃ Normal 29 3 22 34 

3 Supplemental water temperature ℃ Normal 23 2.5 20 30 

4 Pipe thickness mm Triangular 35 0 15 40 

5 Thermal conductivity of pipe W/(m·K) Normal 350 80 200 500 

6 Insulation layer thickness mm Triangular 20 0 0 30 

7 Thermal conductivity of insulation layer W/(m·K) Gamma 5 8 0.0005 100 

8 Indoor convective heat transfer coefficient W/(m2·K) Gamma 3 0.5 0.0005 6 

9 Pump motor efficiency - Normal 0.7 0.1 0.55 0.9 

10 Overall pump efficiency - Normal 0.75 0.08 0.5 0.9 

11 Motor friction loss coefficient - Normal 0.25 0.1 0.05 0.5 
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12 Head loss in primary loop m Triangular 200 - 100 250 

13 Head loss in secondary loop m Triangular 260 - 150 320 

14 Leakage rate kg/s Triangular 2 - 0.005 3 

 
Seven important parameters were selected based on sensitivity analysis results, namely, Parameter 2, 8, 10, 11, 

12, 13, and 14. These 7 parameters were calibrated using the Bayesian MCMC method. For the remaining 7 
unimportant parameters, samples were generated from their distributions and were used as the model inputs. 40 in-
situ data were collected at the maximum cooling capacity point. Prior information of σ was set following Li et al.’s 
(2016) work to assume a 5% random error. 500,000 times MCMC simulation were performed, and the first 10,000 
samples were discarded as burn-in period. Fig. 2. compares the calibrated distributions (red dashed curves) of the 
important parameters with their prior distributions (solid blue curves). The box-and-whisker plots illustrate the 
statistical characteristics of the posterior distribution for each parameter.  

       

Fig. 2.  Comparison of posterior distribution (blue curve) and prior distribution (red dashed curve) of the 7 most important parameters 

It can be seen that the posterior distribution is still normal distribution if the prior distribution follows normal 
distribution. While the posterior distribution becomes irregular if prior distribution follows triangular distribution. 
For some parameters, their means didn’t change much after calibration, such as Parameter 2, 8, 10, 11, but the value 
leading to the peak of occurring possibility shifted dramatically, such as Parameter 8 (from 1.7 to 1.39, 18.2% 
variance). Overall, the calibration changed the prior information and made it more informative. 

 

Fig. 3. Comparison of in-situ cooling loss data with prediction using non-calibrated distributions and using calibrated distributions  

The predicted maximum cooling loss using the calibrated distributions was compared with the prediction using 
non-calibrated distributions and in-situ data, as shown in Fig. 3. It can be seen that the predicted maximum cooling 
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loss using the calibrated distributions match in-situ data better than using non-calibrated distributions. Therefore, the 
calibrated distributions of inputs are more accurate and reliable than non-calibrated distributions.  

The pie chart on the left in Fig. 4 shows percentage of cooling loss from each source to total cooling loss in 
chilled water piping system. The pie chart on the right shows that the maximum cooling loss from chilled water 
piping system reaches as large as 14.2% of chiller capacity. Therefore, proper estimation of cooling loss in HVAC 
system is essential to both HVAC system design and operation. 

 
Fig. 4. Percentage of maximum cooling loss from each source  

5. Conclusion 

This study has proposed a method to investigate uncertainty associated with maximum cooling loss in chilled 
water loop, which includes main steps of collection of input parameters, construction of physical model, sensitivity 
analysis, and Bayesian inference. Bayesian inference and Markov Chain Monte Carlo method has been used to 
calibrate uncertain distributions of the important parameters through combining prior information and in-situ data. 
Results from calibration can be used for decision making in retrofit analysis, or even used for future HVAC system 
design. The method proposed in this study also provides a framework to investigate HVAC system side uncertainty.  
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