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Abstract  

The calibration of building energy model is a vital part of the whole modelling process. To 
improve the efficiency of this work, an automation procedure has recently been introduced to the 
calibration process, but no generic approach has yet received the consensus of the whole 
community at present. The main reason is that a purely mathematics-based, automated calibration 
lacks physical explanation, which means that the calibrated model probably has a large error in 
certain single physical values despite a good overall agreement with the measurement data. 
 
In this study, the authors design a set of procedures to automatize the calibration process of 
building energy model based on schedule tuning and signed directed graph (SDG) method, which 
codifies human experience and logic and incorporates them into the modules of computational 
calibration to combine the advantages of traditional and automated approach. The specific 
operations of calibration process are introduced through a case study. In this case, a building 
energy model with relatively low accuracy is finally well calibrated. The CV(RMSE) (Coefficient 
of Variation of Root Mean Square Error) of the original model is 42.12% for power consumption 
and 25.50% for gas consumption; and for the calibrated model, the CV(RMSE) is 2.21% for 
power consumption and 3.15% for gas consumption. In addition, the same operations are also 
applied to another case for further verification. In this case, the final CV(RMSE) of power 
consumption is reduced to 2.19% from 19.25%. This significant result reveals the applicability 
and effectiveness of the automated process. 
 
Key words: Building Simulation; Model Calibration; HVAC System; Schedule; Signed Directed 
Graph (SDG). 
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1 Introduction 

With respect to the development phase of a building energy simulation, researchers throughout the 
world have proposed and developed many kinds of algorithms and software for simulation. These 
simulation methods and types of software have become very practical tools in both academic 
research and commercial use. Meanwhile, some unsolved problems present obstacles to the 
successful development of this research field. The RMI (Rocky Mountain Institute) has 
summarised these problems, identifying model calibration as one of the principal problems [1]. 
Recently, some scholar also made a similar summary: Hong et al. presented 10 challenges in 
building simulation, and model calibration is one topic of them [2]. A large number of studies have 
shown that errors often occur between the predicted results when building an energy simulation 
and the monitoring data, sometimes even errors greater than 100% [3, 4]. The errors reduce the 
reliability of the building model, which has a negative impact on the use and promotion of 
building energy simulation in actual projects. In order to reduce the error between the model and 
practical situations and to increase the reliability of the building energy model, it is necessary to 
conduct research on model calibration, which refers to adjusting the outputs of the model with 
hundreds of inputs that simulate as closely as possible those for an actual building. Fig. 1 
illustrates the general flowchart. Multiple inputs mean that the model calibration suffers from a 
high degree of uncertainty and nonlinearity due to fact that the solutions are usually non-unique 
[5]. Therefore, the method currently used involves adjusting a series of inputs based on the 
experience of analysts until the output errors are within an acceptable range [6]. A strong degree of 
randomness and individuality are evidently inevitable with such a method, making it difficult to 
employ it as a universal approach. 
 

 

Fig. 1 Flowchart of Model Calibration 
 
The research on model calibrations for building energy simulations was started by Diamond and 
Hunn in 1981 [7]. They analysed seven types of buildings, such as hotels, office buildings, 
hospitals and schools, by building an energy simulation, and they used monitoring data on 
monthly energy consumption to modify the building model. Since then, the workflow of model 
calibration for building energy simulation has been roughly determined and widely used up until 
now as follows: (1) to establish an original model; (2) to compare simulation results with 
monitoring data; and (3) to adjust the values of model parameters with experience and some 
additional information until the error between the simulation and the measured results is 
acceptable [8]. After years of development, researchers have proposed many more advanced 
methods of model calibration for building energy simulation. In this regard, some scholars have 
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even introduced entirely new approaches in recent years (from 2006 to 2020) [9-12]. Here the 
authors also briefly introduce some relevant studies and their results. 
 
Some researchers have improved the performance of the model calibration method by proposing a 
new technique for error analysis. The most basic and widely used technique is a time series 
diagram to demonstrate the error between the simulation and measured results [13]. Bronson et al. 
used a 3D comparison plot that can show the error on an hourly scale during the whole simulation 
period, which was applicable for the calibration of time-related parameters, like schedule [14]. 
Raftery et al. utilized a carpet contour plot combined with a time series to visualise the error so as 
to make it easier to find the main error sources of the model [15]. Graphical signature is another 
practical technique used to intuitively characterise the impact of each model parameter on the 
result; Liu et al. used this method in their study on the fast calibration of cooling and heating 
energy consumption [16].  
 
Other researchers have focused on how to determine the adjustment range of model parameters in 
model calibration, which is the core issue during the whole process. The traditional way is manual 
iterative adjustment according to human experience, and many researchers are trying to automate 
this process. For example, Tahmasebi et al. selected the weighted sum of the root mean square 
error and a goodness of fit of simulation and measured the results as the objective function for 
automatic model calibration [17]. Likewise, Carroll and Hitchcock described the objective 
function in their study via the penalty method, which can turn the process of model calibration 
into an unconstrained multi-objective problem [5]. Some scholars tried to use sensitivity analysis 
before model calibration to reduce the number of parameters to be adjusted by ignoring some 
unimportant inputs based on the idea that less model parameters can lead to better computational 
performance. Many mathematical techniques can be applied for sensitivity analysis, such as the 
Morris method [18], Fourier amplitude sensitivity test [19], Monte Carlo method [20], and 
heuristic optimization algorithms like PSO (Particle Swarm Optimization) [21], GA (Genetic 
Algorithm) [22] and HDE (Hybrid Differential Evolution) [23]. In addition, some researchers have 
begun to try to apply the Bayesian calibration method to building energy simulation. Bayesian 
calibration refers to calculating the posteriori distribution of the parameters to be adjusted with 
given observation data, and in the process of determining this distribution, the uncertainty aspects 
of the model can naturally be combined [24]. This automatic model calibration method is a kind of 
mathematical-based algorithm and modelers can easily accomplish the tasks of model calibration 
with a high level of quality, so Bayesian calibration is the focus of current research and 
researchers have already achieved many practical results [25-27]. The authors’ research group of 
the present study have also achieved some promising results. As early as 2007, Pan et al. 
successfully used the measured data of energy consumption to calibrate a building energy model 
by adjusting the model parameters of the model [28]. In recent year, Yang et al. proposed a 
complete and fluent automatic calibration method based on a mathematical optimisation algorithm 
(Particle Swarm Optimisation is adopted) and applied this method in a case in Shanghai, achieving 
satisfactory results [29]. 
 
With the help of a computer for data processing, the burden of manual operators can be greatly 
reduced. Oak Ridge National Laboratory (ORNL) has developed an “Autotune” methodology to 
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calibrate a building energy model to measured data in an automated fashion [30]. The base of this 
method is a database of EnergyPlus models. The developers in ORNL used supercomputers to run 
millions of parametric simulations for different building types across various climate zones for 
training machine learning agents [31]. The “Autotune” methodology developed by ORNL has 
been proved that it performs well, but it is non-applicable for models built by other software 
instead of EnergyPlus due to the difference in the principles of computing engines [32]. In sum, 
most of the automated approaches are essentially turning the process of model calibration into a 
pure mathematical problem. It will likely lead to a problem: although the error has been eliminated 
when the modeller only focuses on the result of total energy consumption, it is still difficult to 
ensure the accuracy of the model under any other conditions, e.g., large error may occur when the 
model is computed to output the predicted values of some sub-item energy consumption. It is also 
the main problem that the authors aim to solve in this study. At present, some researchers have 
already obtained some results. For example, Sun et al. introduced the method of pattern 
recognition to classify error patterns and match them with possible adjustment parameters through 
experiments [33]. In a sense, their results also represent progress, which provides the adjustment 
of model parameters for building energy model calibration with a physical basis rather than only a 
pure mathematical algorithm.  
 
This paper introduces an automated calibration process for building energy model that aims to 
overcome the shortcomings of a pure mathematical-based method. As the main contribution of this 
study, the procedure of this new approach is introduced in detail, while its effectiveness and 
applicability are verified through two case studies. The novelty of the procedure contains two 
parts: (1) use a practical technique to calibrate schedules, which are not usually adjusted in 
automated calibration for their complexity but also important for the accuracy of the building 
energy model; (2) for other ordinary model parameters like heat transfer coefficients of envelope 
and power density of lighting and equipment, SDG is used as a tool to introduce the expert 
knowledge and experience of manual operators into the automatic model calibration process, 
which can fill in reasonable physical constraints for the calibration problem. The whole process of 
model calibration is under such constraints, and thus the results of model calibration can be 
obtained with good performance while the speed of the automatic process is not affected. 
 

2 Methodology 

The specific research methodology of this study is as follows:  
(1) The preparation. First, the common parameters involved in building energy models (in this 
study, all models are established in eQuest) are divided into five categories. Next, a summary of 
the relations between parameters is made based on the analysis of the thermal physical principles 
in buildings. Finally, the SDG of building energy model is established according to results from 
the previous step. 
(2) Detail the calibration process via a case study. The process contains two parts: 

(2a) Adjust the schedules. In this part, a “typical day schedule tuning method” is used, that is, 
the power density is calculated based on the maximum hourly energy consumption, and the 
ratio of the energy consumption value at other times in relation to the maximum value is taken 
as the current load rate so as to obtain the approximate real schedules. 
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(2b) Adjust possible error model parameters. In this part, a “steps and components flow 
calibration method” is used, that is, the possible error parameter sets are searched out by means 
of the forward reasoning mechanism of SDG, and then the functional logic relationship is 
established via the backward reasoning mechanism of SDG to determine the adjustment of each 
model parameter. 

(3) The verification based on another case. In this case, the authors have borrowed the idea of 
“double blind test”. A virtual office building energy model is used as the original model, while a 
modeller outside the authors’ team randomly change some model parameters to generate a new 
model as the objective model. For the authors of this paper, the task is to modify the original 
model as close to the objective model as possible through the automated calibration process. The 
significant result further verifies the effectiveness of this new approach 
 
The following part of this section detail the main work to be done in “The preparation”. 
 

2.1 Classification of Parameters 

In simulations there are model parameters, input and output variables. In general, for a common 
building energy model, the input variable is weather data and the output variables are total and 
several sub-item energy consumptions at different time scales (annual and monthly energy 
consumptions are concerned in this study). As for model parameters, modellers often need to 
define and give the values for dozens or even hundreds of them to develop a building energy 
model. Calibrating a model means searching for the set of model parameters that minimize the 
deviation of the outputs from the measured values of the variables. But it is hardly possible to 
calibrate every model parameter in detail. Meanwhile, the features of different model parameters 
are different, meaning that the calibration approach applicable for different parameters might be 
different. Here, all kinds of model parameters of energy model are sorted out and classified into 
several categories according to the degree of difficulty of measurement and calibration.  
 
The model parameters can be divided into two categories: verifiable parameters and unverifiable 
parameters. Due to the limitations of a simulation algorithm and software, some parameters cannot 
easily be adjusted and calibrated. These parameters are called as unverifiable parameters. For 
example, total pressure loss of air/water networks is unverifiable, since there is not any detailed 
air/water networks module established in eQuest model in this study. Furthermore, for some 
parameters that should have been classified as output variables like cooling and heating load 
through the envelope, modellers can hardly collect measurement data to calculate their errors for 
calibration. These variables are also regarded as unverifiable parameters in this study. The 
verifiable parameters can be further divided into determinate parameters and indeterminate 
parameters. Determinate parameters refer to those parameters for which modellers can relatively 
easily obtain their accurate values from the actual building or other available sources, e.g. 
geometric dimensions of the building and indoor design temperatures. Indeterminate parameters 
refer to those parameters that are relatively difficult to measure or obtain directly from the actual 
building, e.g. thermal properties of the envelope (U-value, SC of window, etc.) or the operating 
schedules. The indeterminate parameters need to be further analysed. They are divided into 
schedule parameters and other parameters. The overall classification is shown in Fig. 2, and Table 
1 gives examples of each category of parameter. In the next section, different methods will be used 
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to calibrate different types of parameters. 
 

Table 1 Parameters Classification in SDG 
Category Examples 

Output variables 
Annual/Monthly total/sub-item energy 

consumption 
Input variables Weather data 
Unverifiable parameters  Cooling and heating load 
 Total pressure loss of air/water networks 
Determinate parameters Shape factor of building 
 Window to wall ratio 
Schedule parameters Operation schedule of HVAC system 
 Occupant schedule 
 Lighting schedule 
 Equipment schedule 
Other parameters Heat transfer coefficient of envelope 
 Efficiency of chiller and boiler 
 Power density of lighting and equipment 
 Temperature of supply air/water 
 Efficiency of pumps and fans 

 

 
Fig. 2 Classification of Model Parameters 

 

2.2 Generating the SDG 

With the aim of addressing the problem of model calibration for building energy simulation, the 
method of signed directed graph (SDG) is chosen to express the physical and logical connection 
between model parameters, input and output variables of a building energy model. SDG is a kind 
of network topology diagram composed of directional branches between nodes. It can intuitively 
represent the complex logical or physical relationship between the variables within a complex 
system in the form of a diagram, which provides a model basis for studying the propagation of a 
fault and finding its source in time. Hence, it has been widely used for fault diagnosis in a 
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complex system [34]. In essence, finding the error model parameters in a model is mathematically 
similar to fault diagnosis. Based on this analogy, the problem of model calibration is similar to 
fault diagnosis for a building energy model. 
 
SDG is composed of several nodes and several directed edges. Nodes represent variables and 
directed edges represent the relationship between variables (the sketch is illustrated by Fig. 2). If 
the deviation of one variable directly leads to the deviation of another variable, a directed edge 
will connect the nodes corresponding to these two variables, from the start node to the end node. 
Then, sign all directed edges with ‘+’ and ‘-’ to indicate the positive effect (the increase of the start 
node variable also increases the end node variable) and the negative effect (the increase of the start 
node variable reduces the end node variable), respectively. All nodes should also be signed: nodes 
with a constant value are signed with ‘0’, while those with an increasing value are signed with ‘+’ 
and those with a shrinking value are signed with ‘-’. The symbols of all nodes make up the state 
representation of the system, which is called the sample. As for an arbitrary sample, SDG can be 
used to search and obtain all deviated nodes and their fault propagation paths (also called 
consistent paths), which refer to the paths consisting of a series of directed edges in the same 
direction. Faults and errors are transmitted through these consistent paths, so only the consistent 
paths need to be focused on when analysing the impact of a certain fault or error. The rest of graph, 
from which all nodes and directed edges are deleted, is called the cause and effect graph (CEG) of 
the sample, which is the practical simplification of SDG. The model of SDG seems to be simple, 
but it can express complex causal relationships and contain large-scale potential information. For 
example, in the three-level model shown in Fig. 3, there are 81 (34) possible different state 
combinations of all nodes and 8 (23) combinations of directed edges, which means a total of 648 
combinations. 
 

 
Fig. 3 Sketch of Signed Directed Graph 

 
In this sub-section, a summary of the numerical relations between parameters in a common 
building energy model will be made firstly. As is known, the essence of model is a function that 
describes the connection between model parameters and output variables, so for any output 
variables, there must be one or more model parameters that have impact on it in the model. In this 
study, the authors define that the model parameters whose growth makes the output variables also 
increase are positive, and those that leads to drop are negative. In addition, there are also some 
inputs that have complex impact on outputs, and they are called “uncertain”. The final results are 
summarized in the Table 2. The following is the specific analysis process: 
 
(1) Building energy consumption can be divided into four items: lighting, plug equipment, HVAC 
system and power system. In this study, the energy consumption of the power system in buildings 
will not be analysed. As for lighting energy consumption, its main direct influencing factors 
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include lighting power density (LPD), lighting runtime, lighting usage ratio, building area, type of 
windows and area of windows (No. 1 in Table 2). Similarly, the main direct influencing factors of 
plug equipment energy consumption include average equipment power density (EPD), equipment 
runtime, equipment usage ratio and building area (No. 2 in Table 2). Although there are many 
kinds of equipment, such as printers, computers and projectors, in the building, researchers usually 
use the average value of their power density in building energy simulation. 
(2) An HVAC system usually considers the largest part of the total building energy consumption 
and involves more influencing factors than just lighting and equipment. The function of the HVAC 
system is to add (heating load) or remove (cooling load) some amount of heat in order to maintain 
thermal comfort. Therefore, its energy consumption can be easily divided into two parts with 
respect to influencing factors: the heating/cooling loads, and the efficiency of the HVAC system.  
(3) The heating/cooling loads are mainly composed of those loads resulting from heat transfer via 
the building envelope (external wall, roof and external window), outdoor air via infiltration and 
ventilation, and internal heat gains (occupant, lighting and equipment). The heat transfer is the 
main load-influencing direct factor of the external wall and roof. But for the external window, the 
heat gain due to heat transfer and solar radiation through the window should both be considered 
(No. 3–5 in Table 2). 
(4) Outdoor air can enter the building in either a passive way or an active way. Due to the 
temperature and pressure difference between the indoor and outdoor parts of the building, outdoor 
air can infiltrate into the building spaces passively through openings in windows and doors or 
leaks, all of which forms the infiltration load (No. 6 in Table 2). However, in most buildings the 
quantity and quality of infiltrating outdoor air are not enough to meet health requirements, so 
active ventilation is used to supply treated (cooled/heated/dehumidified/humidified/filtered) 
outdoor air into indoor spaces at the same time. This can be called the Outdoor Air Load (No. 7 in 
Table 2):  
(5) The internal loads consist of three parts: lighting, equipment and occupant. The heat release 
from lighting and equipment is relevant to their energy consumption (No. 8-10 in Table 2).  
(6) The main components of a complete HVAC system in cooling mode include chillers, chilled 
water pumps, condenser water pumps, cooling towers and cooling terminal devices. So, the main 
direct influencing factors of each component can be specified as follows (No. 11–15 in Table 2). 
Similarly, the main direct influencing factors of the heating energy consumption can be also 
divided into three components: boilers, hot water pumps and heating terminal devices (No. 16–18 
in Table 2): 
 

Table 2 Summary of the Relations between Parameters in Building Energy Model 
No Outputs Positive Negative Uncertain 
1    ,  , , ℎ ,    
2   ,  , , ℎ   
3   ,  ,  (summer) 

 , ,  (winter) 
,  (summer) 
,  (winter) 

 

4   , ,  (summer) 
 , ,  (winter) 

 (summer) 
 (winter) 

 

5   , , ,  , ,  (summer) 
,  (winter) 

 (summer) 
 , , , ,  (winter) 
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6  , ,  ,  (summer) 
, ,  (winter) 

 ,  (summer) 
 (winter) 

 

7  , ,  , , ,  (summer) 
, ,  , ,  (winter) 

 ,  (summer) 
 (winter) 

 

8  ,  ,    
9  ,  ,    

10  , , ,  , ,    
11   , ℎ,  ,   
12   , ,  , ℎ  , ∆  
13   , , , ℎ   
14   ,  ,  , ℎ  , ∆  
15   , ,  , ℎ  ,   
16   , ℎ   
17   ,  , , ℎ  , ∆  
18   , , , ℎ   
 
The meanings of the symbols in the above table are as follows: 
Elt and Eeq: lighting and plug equipment energy consumption (kWh); 
nlt and neq: the usage ratio of lighting and plug equipment; 
qlt amd qeq: average LPD and EPD (W/m2); 
A: total building area (m2); 
hlt and heq: the runtime of the lighting and plug equipment (hr);  
B: window to wall ratio; 
Aw and Ar: the total area of the wall and the roof (m2); 
SHGC is the solar heat gain coefficient of the window; 
Lw, Lr and Lwin: the cooling/heating load through the walls, roofs and windows (kW); 
Uw, Ur and Uwin: the heat transfer coefficient of the walls, roofs and windows (W/(K·m2)); 
tod and tid: indoor and outdoor air dry-blub temperature ();  
I: solar radiation intensity (W/m2); 
Linf and Loa: the cooling/heating load due to infiltration and active ventilation (kW);  
Vinf and Voa: the air flow rate in volume of the infiltration and active ventilation (m3/h); 
ρoa is the density of outdoor air (kg/m3); 
φod and φid: the relative humidity of outdoor air and indoor air; 
D: the occupant density (m2/p); 
Llt, Leq and Locc: the cooling/heating load due to the lighting, plug equipment and occupant (kW); 
nocc: the occupancy ratio; 
qocc and gocc are the heat gain (W) and the moisture gain (g/s) per person; 
ω: the clustering coefficient of occupants, which is a reduction coefficient based on the heat and 
moisture dissipation of an adult man according to the age, gender composition and density of 
people in the building; 
Echi, Echw, Ectm, Ecw, and Ect: the energy consumption of the chillers, chilled water pumps, cooling 
terminal device, cooling water pumps and cooling towers, respectively (kWh); 
Lc and Lh: the total cooling/heating load (kW), which can be calculated by making a summation of 
Lw, Lr, Lwin, Linf, Loa, Llt, Leq and Locc; 
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Fig. 4 Part of Completed SDG of Building Energy Model 

 
COP: the coefficient of the performance of the chillers;  
PLRc and PLRh: the part load ratio of the cooling/heating load; 
hc and hh: the runtime of the cooling/heating system (hr); 
tchw: the temperature of the chilled water at the outlet of chillers (); 
tcw: the temperature of the cooling water at the outlet of cooling tower (regarded as the same as the 
inlets of the chiller in this study) (); 
Hchw and Hcw: the heads of the chilled water pumps and cooling water pumps, respectively (m); 
Qchw and Qcw: the flow rate of the chilled water and cooling water (kg/s);  
Rchw, Rctm, Rcw and Rct are the operating efficiency of the chilled water pumps, cooling terminal 
device, cooling water pumps and cooling tower;  
Δtchw and Δtcw: the temperature differences between the supply and return chilled water and 
between supply and return cooling water (); 
Vctm and Vct: the air flow rate of the cooling terminal device and cooling tower (m3/h);  
Pctm and Pct: the static pressure of the fans in the room terminal device and cooling tower (kPa); 
Eboi, Ehw, and Ehtm: the energy consumption of the boilers, hot water pumps and heating terminal 
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device (kWh);  
Rboi, Rhw and Rhtm: the operating efficiency of the boilers, hot water pumps and heating terminal 
device;  
Hhw: the head of the hot water pumps (m); 
Qhw: he mass flow rate of hot water (kg/s); 
Δthw: the temperature difference between the supply and return hot water (); 
Vhtm: the air flow rate of the heating terminal device (m3/h); 
Phtm: the static pressure of the fan in the heating terminal device (kPa). 
 
On the basis of the above analysis, the SDG of a building energy model can be finally established. 
This SDG contains 14 unverifiable parameters, 18 determinate parameters, 9 schedule parameters 
and 45 other parameters. The simplification of SDG-based on sensitivity analysis for the usage of 
model calibration will be discussed in the next section. According to the definition of SDG, ‘+’ 
and ‘-’ signed on the directed edges indicate positive and negative effects, respectively, and the 
question mark (‘?’) signs the directed edges if the attribute of effect depends on the situation. Fig. 
4 illustrates part of the completed SDG of a building energy model. This version of SDG is 
applicable when the cold and heat of the HVAC system in the building is water cooled chiller and 
boiler. If this method is applied for other condition, such as the building with VRV (Variable 
Refrigerant Volume) system, the modellers should revise the summary of the relations between 
parameters in Table 2 to generate a modified SDG. 
 

3 Calibration Process: A Case Study 

To introduce the procedures of the model calibration process in detail, the authors have conducted 
a case study in which the energy model of an office building in Shanghai was calibrated. The 
geometry model is illustrated by Fig. 5, and the inputs of the initial model are listed in Table 3. 
The simulation software used to build the original model is eQuest 3.65. 
 

Table 3 Model Parameters in the Original Model 
No Parameter Name Unit Value 
1 Location  Shanghai 
2 Type of building  Office building 
3 Total building area m2 73680 
4 Story height m 4 
5 Number of stories  30 
6 Building shape coefficient  0.083 
7 Specific Size Parameter (length*width) m 50*50 
8 Heat transfer coefficient of wall (U-value) W/(m2·K) 0.89 
9 Heat transfer coefficient of roof (U-value) W/(m2·K) 0.64 
10 Heat transfer coefficient of window (U-value) W/(m2·K) 2.67 
11 Solar heat gain coefficient (SHGC) of window  0.82 
12 Indoor design temperature (summer/winter)  26/20 
13 Indoor design relative humidity (summer/winter) % 50/50 
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14 Supply air temperature (summer/winter)  16/35 
15 Type of AC terminal  Fan coil + DOAS 
16 Outdoor air flow rate m3/(m2·h) 3.75 
17 Rated COP of chiller  6.0 
18 Efficiency of boiler  0.80 
19 Supply water temperature (summer/winter)  7/60 
20 Efficiency of pump  0.77 
21 Lighting power density (LPD) W/m2 11 
22 Equipment power density (EPD) W/m2 20 
23 Occupant density m2/p 8 

 

 
Fig. 5 the Office Building and Its Geometry Model in Case Study 

 
According to ASHRAE Guideline, MBE (Mean Bias Error) and CV(RMSE) (Coefficient of 
Variation of Root Mean Square Error) of monthly data are used to evaluate the accuracy of the 
model (to meet monthly criterion, MBE ≤ 5% and CV(RMSE) ≤ 15%) [35]. As for the comparison, 
the baseline is the monthly monitoring data of the sub-item energy consumption of an office 
building. There are sub-item energy meters in this building. The daily monitoring data of the 
energy consumption of lighting, plug equipment, plant room and the terminal device of HVAC 
system are available for the whole year. For gas consumption data, only monthly data is available 
since this data is calculated by monthly cost of gas. In sum, the monthly energy consumption is 
determined for calibration in case study. However, the detailed data of equipment in plant room is 
still lack. In principle, these outputs lacking measurement data should be ignored in calibration. 
However, in the case study, since the authors expect to demonstrate the calibration process under a 
complicated condition (more outputs that should be considered mean more numerical constraints), 
it is assumed that the monitoring data of all equipment in HVAC system is available. To produce 
the “monitoring data”, another model of the water loop of the HVAC system is established to 
output the energy consumption of every component in HVAC system. In this new model, the 
constraint is that the total energy consumption of plant room calculated by the model and the 
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actual data should match well (relative error less than 2%). In the following study, it is considered 
that this “monitoring data” is equivalent to the actual measurement data. Table 4 presents a 
comparison between the simulation results and measurement data. Note that the total gas 
consumption is the same as the boiler gas consumption, since there is only boiler that consumes 
gas in this building. It can be seen that the accuracy of the original model is poor. 
 

Table 4 Errors for the Output Variables in the Original Model 
Power consumption MBE CV(RMSE) 

Total -39.75% 42.12% 
Lighting -51.20% 51.35% 

Equipment -35.92% 36.03% 
Chiller 6.46% 6.34% 

Cooling tower -83.01% 84.64% 
Chilled water pump 45.61% 45.66% 
Cooling water pump -4.87% 4.88% 

Hot water pump -17.59% 17.69% 
Fan coil (cooling) -12.90% 13.04% 
Fan coil (heating) -13.02% 13.10% 
Gas consumption MBE CV(RMSE) 

Total -25.35% 25.50% 
Boiler -25.35% 25.50% 

 
The overall flow chart of the process is shown in Fig. 6. The task of calibration is divided into two 
main parts: schedule and other parameters. For schedule, the calibration work is conducted 
according to the sequence from lighting and equipment schedule to occupant schedule to operation 
schedule of HVAC system. For other parameters, the essential principle of calibration is to choose 
firstly which model parameters should be modified according to SDG, and then to determine how 
much the parameter should be adjusted. In the following sub-sections, the detailed operations of 
the calibration process will be demonstrated. 
 

 
Fig. 6 Flow Chart of the Model Calibration Process 
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3.1 Calibrating the Schedules 

All the schedules discussed in this study refer to daily schedules. The schedules in building energy 
simulation usually include the lighting schedule, equipment schedule, occupant schedule and 
operation schedule for an HVAC system. The value of each time point in the schedule represents 
the ratio of the value of the corresponding variable at that time to the maximum value. Schedules 
can have a great impact on the results of a building energy simulation [36], but modellers seldom 
change the default settings of schedules in a building energy model when running a simulation, 
while the default schedules of a certain type of building usually deviate from the actual situation 
of a specific building. Therefore, researchers have already noticed this error source and introduced 
some applicable method to calibrate the schedules in energy model [36-38]. In these previous 
studies, researchers usually adopted the approach based on the comparison between simulated 
results and hourly electricity sub-metering data to determine the values of power ratio in the 
schedules. It can be seen that it is difficult to calibrate the schedules by using sensitivity analysis 
or an optimisation algorithm, since the related variables involved in the schedule are too numerous 
and too random. However, the long-term hourly monitoring data of buildings are sometimes 
missing, which makes the calibration much harder to accomplish. Thus, in this section, a practical 
“typical day schedule tuning method” is proposed by using short-term monitoring data on the 
basis of the predecessors’ researches to solve this problem. 
 

3.1.1 Lighting and Equipment Schedule 

The characteristics of the schedules for lighting and equipment are similar, so the same method is 
used to calibrate them. Here, the steps for lighting schedule calibration are listed:  
 
Step 1: Collect data. The hourly measured data for the whole year is unavailable, but the hourly 
electricity consumption data of a month can be obtained as the short-term monitoring data by 
changing the settings of the monitoring system in this building in the course of this study. The 
measured energy consumption data for the whole building are sometimes mixed together in real 
practice without a direct sub-meter being installed. To solve this problem, Ji et al. proposed a 
method to disaggregate the hourly electricity consumption data for commercial buildings into 
three individual parts: HVAC terminal, lighting and plug equipment based on a Fourier series 
model (FSM) [39]. In this case, the measurement in October was done to collect the data for all 
types of days (weekdays, weekends, and holidays).  
Step 2: Classify the measured data into three types – weekdays, weekends and holidays (Fig. 7). 
Step 3: Calculate the LPD using the maximum value of lighting energy use with Eq. 1.  
Step 4: Calculate the hourly lighting power ratio with Eq. 2. Fig. 8 illustrates the calculation 
results, and compares the actual lighting schedule and default schedule and finds obvious 
differences between them, where the default schedules in the building energy model are set 
according to the 2017 ASHRAE Handbook - Fundamentals (SI). 
Step 5: Generate the lighting schedule for 3 typical days: weekday, weekend and holiday (Eq. 3), 
and the results are shown in Fig. 9. 

() = (),
× × 1000            Eq. 1 
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(),, = (),,
(),

             Eq. 2 

(),, = ∑ (),,,


× (),/
,

           Eq. 3 

where Elt(eq),max is the maximum value of hourly energy consumption of lighting (plug equipment) 
during the measurement month (kWh), Elt(eq),d,hr is the energy consumption of lighting (plug 
equipment) at the hr-th hour on the d-th day in a measurement month (kWh), nlt(eq),d,hr is the usage 
ratio of lighting (plug equipment) at the hr-th hour on the d-th day in the measurement month, 
nlt(eq),i,hr is the usage ratio of lighting (plug equipment) at the hr-th hour on the i-th types of days, 
Ni is the number of the i-th types of days in the measurement month, Elt(eq),a is the annual energy 
consumption of lighting (plug equipment) (kWh) and Elt(eq),mm is the total energy consumption of 
lighting (plug equipment) (kWh) in the measurement month (kWh). 
 

 
Fig. 7 Classification of the Measured Lighting Energy Use During One Month 

 

 
Fig. 8 Hourly Lighting Power Ratio (schedule) calculated with Measured Data 

 
For the equipment schedule, the measured plug data for one month can be used to obtain the actual 
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calibrated schedule with the same method discussed above. According to the results, it is 
ascertained that the most significant difference between the default and actual schedules occurs at 
night after work and in the morning before work. In the default schedule, it is assumed that the 
whole lighting system of the office building is off during that time. However, the calibration result 
indicates that some of the lighting and equipment are on all day in an actual situation. 
 

 
Fig. 9 Actual and Default Lighting Schedules of the Office Building 

 

3.1.2 Occupant Schedule 

The impact of the occupant schedule on building energy consumption is more complex than that 
of lighting and equipment. Essentially, the occupant schedule refers to the number of people in the 
building at each time of the day. Bertagnolio’s study shows that there is a stronger correlation 
between the number of people in the building and the usage situation of lighting and equipment 
[40]. Kim et al. used to analyse this correlation and proposed a series of practical formulas (Eq. 
4-6) [38]. With the help of their research results, the authors of the present study can calculate the 
number of people at each time and generated the actual occupant schedule according to the hourly 
energy consumption of equipment in this study:  

,, = ,, × 1ℎ            Eq. 4 

, = 5,, − 113               Eq. 5 

,, = ,
,

             Eq. 6 

where Eeq,i,hr is the energy consumption of plug equipment at the hr-th hour on the i-th types of 
days (kWh), pi,hr is the number of people in the building at the hr-th hour on the i-th types of days,   
pi,max is the maximum number of people in the building on the i-th types of days and nocc,i,,hr is the 
usage ratio of occupants at the hr-th hour on the i-th types of days. 
 
Here, the steps for the occupant schedule calibration are listed: 
Step 1: Calculate the hourly equipment energy consumption on three typical days (weekday, 
weekend and holiday) using Eq. 4. 
Step 2: Calculate the number of people in the building using Eq. 5. Kim et al. proposed this 
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empirical formula in their paper, and the unit of energy consumption here is kWh. 
Step 3: Calculate the usage ratio of the occupant (the ratio of the number of people in the building 
at a certain time to the maximum number of people) using Eq. 6. 
Step 4: Generate the occupant schedule for three typical days. 
 
In decades, researchers have more tools to collect the occupancy data in commercial buildings 
with the development of big data technology and machine learning. For example, Duarte et al. 
obtained the occupancy data in an office building through occupancy sensors [41]; Gu et al. 
utilized mobile positioning data to generate typical occupancy data in different types of buildings 
[42]; and Jin et al. made a study on the occupancy prediction in buildings based on machine 
learning algorithm [43]. And some scholars have successfully applied these methods on building 
energy model calibration [44]. For those cases where measured occupancy data has been acquired, 
the actual data would be used directly instead of Bertagnolio’s empirical formulas. In addition, the 
fluctuation of the hourly energy consumption of plug equipment can be also deduced according to 
Eq. 4–6 in reverse, and then the hourly energy consumption of lighting by using Ji’s disaggregate 
method [39]. It means that the calibration process is applicable in both two scenarios: available 
sub-metering electricity consumption data or available occupancy data. However, due to the 
privacy issues involved in obtaining occupancy data in the building, it is more common to use 
sub-metering data for schedule calibration in building energy model. 
 

3.1.3 Operation Schedule of HVAC System 

As for the operation schedule of an HVAC system, it is usually represented by a Boolean variable. 
A value of ‘1’ means the HVAC system is on and a value of ‘0’ means it is off. Therefore, the 
actual operation schedule can be determined based on the monitoring data on the HVAC terminal 
device. Similar to the method used in subsection 3.1.1, the FSM-based disaggregation algorithm 
for building energy consumption can be also used if detailed data on the HVAC terminal device 
has not been measured. Here, the steps for the operation schedule calibration are listed: 
 
Step 1: Collect data. For this part of the research, the measured data is the hourly energy 
consumption of the terminal device (fan coil unit in this case). 
Step 2: Determine the Boolean variable of the schedule at each time. The value at a certain time is 
‘1’ when the total energy consumption of the fan coil units is more than 0, and the value is ‘0’ 
when there is no energy use by the fan coil units.  
Step 3: Generate the operation schedule for three typical days. 
 

3.2 Calibrating Other Parameters 

After the schedule tuning, the errors of the sub-item energy consumption related to schedules such 
as lighting and equipment have been greatly reduced. But there are still significant errors in other 
sub-items, so the further calibration for other common parameters in a building energy model is 
required. To solve this issue, “reasoning adjustment calibration method” is proposed. Two 
significant steps are involved in this method: (1) determining the parameters that need to be 
adjusted; and (2) specifying how much each parameter needs to be adjusted. Specifically, the 
parameter set is searched for using the backward reasoning mechanism of SDG to determine the 
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parameters that need to be adjusted, and then the functional relationship between the model 
parameters and output variables is established via the forward reasoning mechanism of SDG to 
calculate how much these parameters should be adjusted. 
 

3.2.1 Simplified SDG and the Parameters to Be Adjusted 

 
Fig. 10 Simplified SDG of a Building Energy Model 

 
Fig. 4 shows that the complete SDG is usually too complex to be used in the automatic calibration 
algorithm. Thus, it can be simplified according to the following rules:  
(1) Unverifiable parameters. These inputs will not be adjusted in this study. 
(2) Determinate parameters. Usually, modellers can obtain the accurate values of these parameters 
from architectural drawings (e.g. building area, length and width, window to wall ratio) or from 
the meteorological station (e.g. ambient dry-bulb temperature, relative humidity, solar incident 
radiation). So, these particular determinate parameters do not need to be adjusted.  
(3) Schedule parameters. Since all the schedule parameters have already been calibrated, they are 
not included in this step.  
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The simplified SDG is illustrated in Fig. 10, with which modellers can determine the parameters 
that need to be adjusted. The enumeration method is used to begin searching from the output node 
to all the related input nodes backward along the directed edges. All the related model parameters 
constitute the parameter set that needs to be adjusted. If the SDG is much more complex, an 
optimisation algorithm can be employed instead of enumeration to speed up the search process.  
 

3.2.2 Functional Relationship and the Adjustment Range of Parameters 

The functional relationship between the model parameters and output variables represents the 
degree of output variable change when the model parameter changes, allowing us to determine 
how much the parameter should be adjusted by analysing the sensitivity of each model parameter 
with respect to the output variable. In this study, the differential sensitivity analysis formula (Eq. 7) 
was used to calculate the sensitivity: 

 = ∆/,
∆/,

            Eq. 7 

where SF is the sensitivity factor, ΔEn is the change in the n-th sub-item energy consumption 
(kWh), En,b is the baseline of the n-th sub-item energy consumption (kWh), ΔMPm is the change in 
the m-th model parameter and MPm,b is the baseline of the m-th model parameter. 
 
The forward reasoning mechanism of SDG is the basis for establishing the functional relationship 
between parameters. The operation steps are introduced as follows: 
 
Step 1: Calibrate the model parameters that correspond to the sub-items with a large error (MBE ≥ 
30%). In this case, there are two sub-items with a large MBE: the cooling tower (82.08%) and 
chilled water pump (56.87%). Firstly, the method introduced in subsection 3.2.1 is used to 
determine the model parameters that correspond to these two sub-items, as listed in Table 5. For 
each model parameter, five levels of adjustment range are specified in advance (as listed in Table 
6). The value of each parameter can be adjusted according to these five levels. This operation is 
automatized through changing the codes of .inp files (the input file of eQuest) by Python programs 
since the original model is developed in eQuest (the diagram is shown by Fig. 11). Even if the 
model is established by other software like EnergyPlus and TRNSYS, this workflow is also 
applicable. For EnergyPlus, the format of the input file is .idf; and for TRNSYS, the format is .dck. 
They can both be edited by Python program in similar way. 
 

Table 5 Possible Error Parameter Set in the Calibration of Step 1 
No Possible Error Parameter Node Sign Corresponding Sub-Item 
1 Efficiency of chilled water pump - Chilled water pump 
2 Temperature difference between 

supply and return chilled water 
- Chilled water pump 

3 Total efficiency of cooling tower + Cooling tower 
 

Table 6 Values of 5 Levels for Each Model Parameter 
No Model Parameter Unit Values 
1 Heat transfer coefficient of wall W/(m2·K) 0.71 0.80 0.89 0.98 1.07 
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2 Heat transfer coefficient of roof W/(m2·K) 0.50 0.57 0.64 0.71 0.78 
3 Heat transfer coefficient of window W/(m2·K) 2.16 2.38 2.67 2.95 3.18 
4 SHGC of window  0.66 0.75 0.85 0.94 1.00 
5 Volume flow rate of outdoor air ×103 m3/h 57.6 64.8 72.0 79.2 86.4 
6 Temperature difference between 

supply and return cooling water 
 3.89 4.44 5.00 5.56 6.67 

7 Temperature difference between 
supply and return chilled water 

 4.44 5.00 5.56 6.11 6.67 

8 Temperature difference between 
supply and return hot water 

 8.89 10.0 11.1 12.2 13.3 

9 Temperature of return cooling water  20.0 24.7 29.4 34.2 38.9 
10 Temperature of supply chilled water  2.22 4.72 7.22 9.72 12.2 
11 Supply air temperature (summer)  11.1 12.2 15.6 18.9 21.1 
12 Supply air temperature (winter)  24.4 29.7 35.0 40.3 45.6 
13 Efficiency of chilled water pump  0.62 0.69 0.77 0.85 0.92 
14 Efficiency of cooling water pump  0.62 0.69 0.77 0.85 0.92 
15 Total efficiency of cooling tower ×10-3 18 24 30 36 42 
16 Total efficiency of fan coil unit  0.26 0.30 0.33 0.36 0.40 
17 COP of chiller  4.50 5.25 6.0 6.75 7.50 
18 Efficiency of boiler  0.70 0.75 0.80 0.85 0.90 
19 Efficiency of hot water pump  0.62 0.69 0.77 0.85 0.92 

 

 

Fig. 11 Diagram of the Automated Operation to Change the Input File of Model 
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Then, the energy consumption of the cooling tower and chilled water pump is calculated for each 
level, and the sensitivity of each model parameter and the regression equations that represent the 
functional relationship can be obtained (Figs. 12 and 13). Here, only the calculations about the 
chilled water pump is given as an example.  
 

 
Fig. 12 Functional Relationship between the Efficiency of the Chilled Water Pump and the Energy 

Consumption of the Chilled Water Pump 
 

 
Fig. 13 Functional Relationship between the Temperature Difference between the Supply and 

Return Chilled Water and the Energy Consumption of the Chilled Water Pump 
 
Finally, the formula Eq. 8 is used to calculate how much each parameter should be adjusted: 

 = 1 + ()()
()          Eq. 8 

where x0 and x1 are the current value and target value of the parameter to be adjusted, respectively, 
y0 and y1 are the current value and actual value of the output variable, respectively, θ is the sharing 
factor and δ is the step control factor. In this formula, f(x) refers to the regression equation that 
represents the functional relationship between x and y, and f-1(x) refers to its inverse function. The 
sharing factor (θ) represents the sharing ratio of the error when there are multiple parameters to be 
adjusted corresponding to the same output variable. This factor is determined according to the 
proportion of the sensitivity factor. The adjustment of each parameter will be iterated many times 
by applying this formula until the error in the output variable is acceptable (less than 30%). 
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Therefore, a parameter called as step control factor (δ) is set to control the range of parameter 
change in each adjustment, and its value was set at 0.2 in this case for minimize the possibility of 
over adjustment. After the calibration done in this step, the errors in the energy consumption of the 
chilled water pump and cooling tower were greatly reduced: for the chilled water pump, the MBE 
of annual data was 25.35% and the CV(RMSE) of monthly data was 25.38%; for the cooling 
tower, the MBE of annual data was -13.46% and the CV(RMSE) of monthly data was 14.76%. 
 
Step 2: Calibrate the model parameters that correspond to the sub-items whose MBEs are still 
greater than 15%. In this case, there are three such sub-items: chiller (23.62%), boiler (23.96%) 
and chilled water pump (25.38% after Step 1, but still more than 15%). The operation is similar to 
Step 1, and the parameters to be adjusted in this step are listed in Table 7. In addition, all 
regression equations that represent the functional relationship used in this case study are listed in 
Table 8. For the error parameter that affects multiple sub-items (in this case, supply air 
temperature affects the energy consumption of both the chiller and chilled water pump), more than 
one target value will be obtained at each time of adjustment in iteration. Thus, it is stipulated that 
the range of adjustment at each time shall be subject to the target value closest to the current value. 
 

Table 7 Possible Error Parameter Set in the Calibration of Step 2 
No Possible Error Parameter Node Sign Corresponding Sub-item 
1 COP of chiller + Chiller 
2 Efficiency of boiler - Boiler 
3 Efficiency of chilled water pump - Chilled water pump 
4 Supply air temperature (summer) - Chiller, Chilled water pump 

 
Table 8 Regression Equations in the Calibration of Step 2 

No x y Equation 
1 COP of chiller Power consumption of chiller y=116.02x+0.0908 
2 Efficiency of boiler Gas consumption of boiler y=112.93x 
3 Efficiency of chilled water pump Power consumption of chilled 

water pump 
y=-3.0383x+4.6992 

4 Supply air temperature (summer) Power consumption of chiller y=-0.7705x+31.044 
5 Supply air temperature (summer) Power consumption of chilled 

water pump 
y=-0.1374x+4.4297 

 
Step 3: The CV(RMSE) of monthly data for some sub-items may be still larger than 15%, 
although the MBE of annual data is less than 15% (cooling tower and cooling water pump). Thus, 
modellers must fine-tune these sub-items. The operation is also similar to Step 1 and Step 2, 
except that the CV(RMSE) of month data is calculated at each time of adjustment in iteration to 
judge whether the iteration can be stopped. In this case, the heat transfer coefficient of the wall 
was fine-tuned because the sensitivity of this parameter to energy consumption is large and its 
node sign is basically consistent with the main error direction.  
 
As the final result, the changes in the errors from before Step 1 to after Step 3 are also shown in 
Figs. 14 and 15, and the compared comparison is done to display the difference in the monthly 
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electric and gas consumption calculated by the original model and calibrated model using the 
measured data (Figs. 16 and 17). The performance of the model gradually improved after several 
steps of calibration. In addition, the errors of final calibrated model which contains MBE and 
CV(RMSE) of total and sub-item energy consumption are shown in Table 9. 
 

 
Fig. 14 Changes in MBE from before Step 1 to after Step 3 

 

 
Fig. 15 Changes in CV(RMSE) from before Step 1 to after Step 3 

 
Table 9 Errors of the Output Variables after the Calibration of Step 3 

Power consumption MBE CV(RMSE) 
Total 1.09% 2.21% 

Lighting 1.11% 1.11% 
Equipment 1.20% 1.20% 
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Chiller 14.96% 14.79% 
Cooling tower -11.80% 12.93% 

Chilled water pump 14.91% 14.93% 
Cooling water pump 5.08% 5.08% 

Hot water pump -7.48% 7.52% 
Fan coil (cooling) -0.97% 0.98% 
Fan coil (heating) -0.97% 0.98% 
Gas consumption MBE CV(RMSE) 

Total 1.88% 3.15% 
Boiler 1.88% 3.15% 

 

 
Fig. 16 Monthly Total Power Consumption of the Model in Section 3 before and after Calibration 

 

 
Fig. 17 Monthly Total Gas Consumption of the Model in Section 3 before and after Calibration 
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4 Further Verification and Discussion 

In order to further verify the effectiveness of the calibration process, another case study is 
conducted with the application of the same automated calibration process. The verification work 
in this case is similar to a double-blind test. A virtual office building energy model is used as the 
original model. The parameters of this model are set to be consistent with the typical office 
building energy model referring to previous studies in China [45]. The geometric model of the 
building is illustrated by Fig. 18 and the parameter settings are listed in Table 10 and 11. Other 
model parameters that are not in the table are set by their default values in eQuest. Meanwhile, a 
modeller outside the authors’ team is invited to randomly change some parameters to generate a 
new model as the objective model, and the changed parameters are shown in Table 11. It should be 
noted that the calibration of gas consumption is not involved in this case, since the heating 
demand of the building is met by the central heating system in the settings of the typical model. 
The total power consumption of the building will be used as the main basis to judge whether the 
model is calibrated successfully. 
 

 
Fig. 18 Geometric Model of the Typical Office Building 

 
Table 10 Parameters of the Typical Model Not Changed 

No Model Parameter Unit Value 
1 Location  Shanghai 
2 Total building area m2 19200 
3 Story height m 4 
4 Number of stories  12 
5 Specific Size Parameter (length*width) m 40*40 
6 U-value of window W/(m2·K) 2.5 
7 SHGC of window  0.35 
8 Indoor design temperature (summer)  24 
9 Indoor design relative humidity (summer) % 50 
10 Outdoor air flow rate m3/(m2·h) 3.75 
11 Efficiency of water pump  0.8 
12 Type of AC terminal Fan coil + DOAS 
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Table 11 Parameters of the Typical Model Changed for Double-blind Test 

No Parameter Name Unit Original Objective 
1 U-value of wall W/(m2·K) 0.8 0.9 
2 U-value of roof W/(m2·K) 0.5 0.65 
3 Supply air temperature (summer) 

 16.0 18.0 
4 Rated COP of chiller  6.0 7.0 
5 Temperature difference between 

supply and return chilled water 
 5.0 7.0 

6 Temperature of supply chilled water  7.0 5.0 
7 Total efficiency of fan coil unit  0.33 0.4 
8 Total efficiency of cooling tower  0.022 0.03 
9 LPD W/m2 11.0 14.0 

10 EPD W/m2 20.0 25.0 
11 Occupant density m2/p 10.0 8.0 

 

 

Fig. 19 Monthly Total Power Consumption of the Model in Section 4 before and after Calibration 
 
On the basis of the simulation results of these two models, the same automated calibration process 
as introduced in Section 3 is applied to modify the parameters of the original model. The goal is to 
adjust the outputs of the original model as close to the objective model as possible. In order to 
explain the result intuitively, the compared comparison like subsection 3.2.2 is done to display the 
difference in the monthly power consumption calculated by the original model before and after 
calibration using the output data from the objective model. As illustrated in Fig. 19, the MBE and 
CV(RMSE) of the original model are -19.04% and 19.25% respectively; and these two error 
indices of the calibrated model are -2.07% and 2.19% respectively, which shows that the effect of 
calibration is good. 
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As mentioned in the previous chapters, the automated model calibration process introduced in this 
paper is not just a purely mathematical-based algorithm, so some shortcomings of purely 
mathematical-based algorithms can be avoided with this approach. The key weakness of the 
majority of automated calibration methods, such as the Monte Carlo or Bayesian method, is the 
inevitable possibilities that some model parameters of the model converge to abnormal values in 
the process of calibration. From a mathematical point of view, the essence of a purely 
mathematical-based calibration method is to search out a set of the most plausible values for 
model parameters within the feasible region. At that time, the errors in the output variables of the 
model usually take the minimum values. However, the input values sometimes tend to converge at 
the boundary of the ranges in an automatic algorithm due to multiple solutions of nonlinear 
programming problems. Therefore, modellers sometimes still adopt a manual method to calibrate 
a building energy model based on their own experience. It is the introduction of SDG, which 
describes the constraints of physical principles, that makes the calibration results obtained in this 
paper less likely to be abnormal. Here is the comparison between the values of model parameters 
of the calibrated model and the original model in Table 12. It can be found that majority of 
adjusted model parameters are within reasonable range. Only the values of lighting and equipment 
power density are significantly higher for an ordinary office building. After the investigation, it 
can be learned that the office building in the case study contains some shops and restaurants, and 
the calibration results presented in this study just reflect this actual situation. In a sense, it 
represents the greatest point of progress of this study over previous researches. 
 

Table 12 Values of the Adjusted Parameters of the Model in Section 3 
No Parameter Name Unit Original Calibrated 
1 Heat transfer coefficient of wall W/(m2·K) 0.89 1.25 
2 Supply air temperature (summer) 

 15.6 18.3 
3 Rated COP of chiller  6.00 7.14 
4 Efficiency of boiler  0.80 0.70 
5 Efficiency of chilled water pump  0.77 0.86 
6 Total efficiency of cooling tower  0.022 0.041 
7 Temperature difference between 

supply and return chilled water 
 5.56 7.22 

8 Lighting power density W/m2 11.0 19.6 
9 Equipment power density W/m2 20.0 27.2 

10 Occupant density m2/p 8.00 7.43 
 
Meanwhile, due to the limitations of this research, the problem of model calibration for a building 
energy simulation has not been resolved perfectly in this study. The paper encountered the 
following are the shortcomings and suggest them as prospects for further research: 
(1) Requirement for adequate monitoring data. The calibration process is still applicable when 
some detailed measurement data of components in HVAC system is lack, since modellers can just 
ignore these parameters and calibrate the model according to the error of the model outputs with 
actual measurement data. For the worst scenario, the data of these sub-item energy consumptions 
have to be metered: the energy consumption of lighting, plug equipment and terminal devices of 
HVAC system (if only the sum value is available, the algorithm proposed by Ji et al. [39] can be 
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used to split it), and also the power consumption of chiller and the gas consumption of boiler. If 
only the total energy consumption is known, this approach is no longer practical. 
(2) More practical applications. In this study, the proposed process has been applied only in one 
case yet. Although the model calibration method is universal, more successful applications can 
further verify the effectiveness and even highlight the advantages of this approach. 
(3) Cloud platform. Every calibrated model is a resource with a high reference value, so it will 
result in a waste of data resources if the information from these models is not recorded. Therefore, 
the authors plan to build an open cloud platform for model calibration based on the result of this 
study, and to collect the calibration information authorised by each operator who uses the cloud 
platform to carry out the calibration work. This database of calibration information can provide 
experience data for a more accurate version iteration of the calibration scheme. 
 

5 Conclusion 

In this paper, the authors have introduced a new automated calibration process for building energy 
model based on schedule tuning and SDG, which combines the advantages of traditional and 
automatic model calibration. For schedule tuning, this part is often ignored in many other 
automated calibration methods due to its complexity on a long-time scale. Thus, short-term 
monitoring data is used to solve this issue. For SDG method, it is the way to introduce the physical 
principles as a kind of constraint condition into the automatic algorithm. It means that the value of 
every calibrated parameter will be relatively physically reasonable instead of only producing 
purely mathematical results. In sum, the detailed operations of the new approach are summarized 
into three main procedures:  
 
(1) Classify all model parameters in the SDG into verifiable and unverifiable parameters, and the 
verifiable parameters can be further classified into determinate and indeterminate parameters. 
Indeterminate parameters are those parameters that need to be adjusted to calibrate the energy 
model, which consists of schedule parameters and other parameters. This study focused on 
adjusting the last two types of parameters (schedule and other) based on a literation review and 
our forehand analysis. Then the SDG of building energy model was established on the basis of 
physical and logical principles between the input and output variables. 
(2) Calibrate schedule parameters via the “typical day schedule tuning method”. The calibration 
process generated the actual schedule of lighting, equipment, occupant and HVAC operation for 
three typical days, weekday, weekend and holiday, using short-term monitoring data.  
(3) Calibrate other parameters via the “reasoning adjustment calibration method”. The SDG of a 
building energy model was first simplified for practical use. Then, backward reasoning was used 
to search for and determine the parameters to be adjusted and the forward reasoning to find out the 
functional relationship between the model parameters and output variables. Finally, the relative 
errors were calculated for all the output variables after calibration to prove that the model had 
been well calibrated. 
 
In the cases used for this paper, the algorithm was programmed with Python to generate the actual 
schedules, to simplify the SDG and to search out a possible error parameter set. The only manual 
step that was not programme was the calculation for the range of adjustment. But this step can be 
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conducted in advance before the entire procedure. Following the instruction of the entire 
procedure introduced in this paper, the process of model calibration can be implemented 
automatically while the accuracy of the calibrated model is also guaranteed. This study provides a 
good solution for the research of automated model calibration method. 
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Highlights: 
 
1. A new automated process to calibrate building energy model. 
 
2. Schedule tuning based on short-term monitoring data. 
 
3. Signed directed graph method to codify human experience of model calibration. 
 
4. Two case studies to verify the effectiveness of automated calibration. 
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