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ABSTRACT 

This paper presents a multi-step-ahead forecasting 
method of electric demand in a large institutional 
building, to be used in the context of demand response 
control strategy. A cascade-based method is proposed 
for electric demand forecasting of cooling system over 
the next six hours with a time-step of 15 minutes. Data-
driven models are developed by using data mining 
techniques from the Building Automation System 
(BAS) trend data of 15-min time-step. First, the air flow 
rate supplied by the AHUs is forecasted, followed by the 
cooling coils load, and the whole building cooling load. 
Finally the electric demand of the primary and 
secondary cooling systems is forecasted with a RMSE 
of 27 kW for the chillers and 1 kW for the cooling 
towers; and 2 kW for the secondary system.  

INTRODUCTION 

There is a challenging issue for the electric utilities 
during peak demand periods in matching the supply and 
demand. Electric suppliers propose incentive programs 
to customers to change their electricity use. In Canada, 
in 2010, the commercial and institutional (CI) buildings 
accounted for 12% of the secondary energy use (OEE 
2013). Demand Response (DR) programs are developed 
by electric utilities for large CI buildings with the scope 
of reducing or shifting their electric demand during the 
period of DR events. Control strategies have been 
investigated with a one-day ahead notification from the 
supplier (Lee and Braun 2004; Xu and Haves 2006; Lee 
and Braun 2008). The interest focuses now on fast-DR 
with a notice a few hours before the DR event. In such a 
context, the building managers need tools to forecast the 
electric demand of the Heating, Ventilation and Air-
Conditioning (HVAC) systems on such a short-term.  

The literature review shows that the energy use of an 
existing building can be forecasted by three different 
modeling approaches: forward models, inverse models 
and hybrid models (Hahn, Meyer-Nieberg et al. 2009; 
Suganthi and Samuel 2012; Zhao and Magoulès 2012). 
The forward models are based on physical laws. They 
are implemented in building performance simulation 
software such as Energy Plus or TRNSYS. They require 
detailed knowledge about the building envelope and 
HVAC systems, for instance. Forward model are time-

consuming to develop and calibrate by using 
measurements. Inverse models are based on 
measurements. Their accuracy depends on the model 
selected, and the quality and amount of data available. 
They can forecast the energy use of HVAC sub-systems 
up to the whole building. Inverse, or data-driven, models 
can model linear and nonlinear phenomena and adapt to 
sudden changes. The black-box inverse models are 
entirely developed from measurements without any 
physical meaning. The white-box models are based on 
physical models and their parameters can be identified 
from measurements. Finally, the hybrid models combine 
both forward and inverse models to benefit from their 
respective advantages.  

The literature review on forecasting models revealed the 
lack of studies focusing on the electric demand at the 
system level. Most studies perform forecasts of the 
energy use at a larger scale: the whole building (Fan, 
Xiao et al. 2014; Jurado, Nebot et al. 2015), a university 
campus (Powell, Sriprasad et al. 2014), a utility 
company (Ko and Lee 2013) or even a province (Che, 
Wang et al. 2012; Ghofrani, Ghayekhloo et al. 2015). 
Most studies were carried at hourly or higher time steps. 
Consequently, the forecast of electric demand of 
existing HVAC sub-systems at sub-hourly time steps is 
of high interest for the DR programs. 

In the context of DR, this paper presents a forecasting 
method of the electric demand of HVAC sub-system on 
the short-term of up to six hours, by inverse models 
based on measurements extracted through the BAS at a 
15-min time step. A cascade-based forecasting method 
is proposed to assess the impact of target variables (such 
as the supply air flow rate, cooling coil load and cooling 
load of the building) on the electric demand of the 
primary and secondary cooling systems. This cascade-
based method forecasts the contribution of each sub-
system. It can be a useful tool for building energy 
managers to test fast-DR control strategies. 

The forecasting method is presented in the next section, 
and includes the use of data mining techniques for pre-
processing and for the selection of regressors for the 
forecasting model. The multi-steps forecasting method 
for each target variable of interest is presented. The 
proposed approach is applied on the case-study of a 
research center located on a university campus of 



 
 

 
 

Montreal, Canada. Finally, the forecasts are compared 
with measurements, and the quality of forecasting 
results is discussed. 

METHOD 

The cascade-based method forecasts the electric demand 
profile over the next six hours of a target variable. It 
starts with the forecasting of the air flow rate supplied 
by the AHUs to the thermal zones, and ends with the 
forecasting of the electric demand of the cooling system 
(Figure 1). The following target variables are 
successively forecasted: the supply air flow rate, the 
cooling coil load, whole building cooling load, and 
electric demand of the primary and secondary cooling 
systems (���������). These successive forecasts of the 
target variables enable the investigation of the impact of 
each target variable on the primary electric demand. The 
future value of each target variable, at time t + 15 min, 
is forecasted based on its previous values and other 
regressors. The 15-min time-interval corresponds to the 
sampling time step of the electric meters. The developed 
forecasting approach could be adapted to any sampling 
time step of the BAS trend data. Examples of regressors 
are given on the left side of the flowchart (Figure 1).  

For each one of the six target variables in Figure 1, some 
investigations are performed using data mining 
techniques as a preprocessing step. The preprocessing 
steps intend to get a first knowledge of the target variable 
to forecast, help in the selection of the variables to be 
used as regressors and identify typical daily profiles, if 
existing. The regressors are selected from a database, 
extracted from the BAS trend data. The database 
includes measured and derived variables that 
characterize the operation of HVAC system in key 
points (e.g., air temperature and relative humidity, 
chilled water temperature), the operation modes of 
equipment, and environmental conditions. The 
measured and derived variables of database are listed in 
the nomenclature (Table 5). For each target variable, the 
following preprocessing steps are undertaken: 

1) Exploratory analysis of the target variable: 
probability distribution and daily variation over the 
studied period. 

2) Selection of the regressors and the relevant past 
values by using :  

a) Cross-correlation analysis of the target 
variables to the available variables, and 

b) Filtering method that ranks these variables 
according to their cross-correlation coefficient; 
and selects those variables with a coefficient 
above a specified threshold. 

3) Identification of the typical daily profile of each 
target variable by using a fuzzy C-means clustering 
algorithm. 

A forecasting model is then developed for each target 
variable, over each subset of measurements 
corresponding to each cluster of typical daily profiles 
and using the selected regressors. 

 

 

Figure 1 Cascade-based forecasting of the electric 

demand of cooling system of a building 

Electric demand of the cooling system of the 

building  

The proposed cascade-based forecasting method can be 
applied to the electric demand of the HVAC cooling 
system of any CI building with available BAS trend 
data. The data-driven approach proposed in this work 
uses common measurements extracted through the BAS 
from which the target variables and regressors can be 
extracted. The following details of the method are 
explained for the case study of the genomic research 
center, called Genome building, located in Montreal, 
Quebec. 

The electric demand of the cooling system of the 
Genome building at next time step (t+15 min) 
(���������,
���� ) includes two terms (Equation [1]). The first 
term corresponds to the electric demand of four fans of 
29.8 kW (40 HP) each, located in the AHUs of the 
Genome building (�����.����.��� ). The second term refers to 
the electric demand of the primary cooling system in the 
central plant (������.����.��� ) that corresponds to the cooling 
requirements of the Genome building.  



 
 

 
 

���������,
���� = �����.����.��� + ������.����.���   [1] 

The part load electric demand of the Variable Air 
Volume (VAV) fans in the AHUs of the Genome 
building (�����.����.��� ), is estimated using a polynomial 
regression model of order three, as suggested in 
ASHRAE standard 90.1 and in the building performance 
simulation software: Energy Plus (equation [3]): �����.����.��� = ����� ∗ �  [2] 

� = �� + ��. � + � . � + �!. �!  [3] 

Where,	� = #�����$��%/#���� and ����� is the maximum 
measured value of the electric demand of the fan over 
the period considered. 

For the case study of the Genome building, the primary 
cooling system is located in a central plant and supplies 
several buildings on the campus. The electric demand of 
the primary cooling system in the central plant 
(������.����.��� ) that corresponds to the cooling 
requirements of the Genome building is estimated using 
the ratio (') of the cooling load of the Genome building 
((�
�) to the total cooling load of the central plant ((�)*). 
The ratio ('���) is multiplied by the electric demand of 
the whole central plant (���������,)*��� ) to obtain the electric 
demand of the primary system that corresponds to the 
Genome building (Equation [4]).  ������.����.��� = '��� ∗ ���������,)*��� 	 [4] 

'��� = (�
����/(�)*��� [5] 

The electric demand of the cooling system at the central 
plant level (���������,)*��� ) includes two chillers (��+,���) 
with 3165 kW (900 tons) cooling capacity and electric 
demand of 549 kW each, along with two fans in the 
cooling towers (��+-���) with a motor of 29.8 kW each 
(40 HP) (equation [6]).  ���������,)*��� = ��+,��� + ��+-���  [6] 

Multi-step-ahead forecasting: iterated and direct 

strategies  

Forecasting models are developed for each target 
variable: the supply air flow rate, the cooling coil load, 
the whole building cooling load, and the electric demand 
of the cooling system. The forecasting models are 
developed using the regressors selected in the pre-
processing steps. For each target variable, a forecasting 
model is developed and trained over each subset of 
measurements corresponding to a cluster, which 
characterizes a typical daily profile. 

From the literature review we concluded that the support 
vector machines and neural networks are among the 

most performant inverse models for the forecast of 
electric demand (Suganthi and Samuel 2012; Zhao and 
Magoulès 2012; Fagiani, Squartini et al. 2015). So far 
the neural networks have been widely used, while the 
Support Vector Regression (SVR) models require more 
investigation for the application in in HVAC-related 
studies. In this study, the SVR model is trained on a 
dataset covering a period from ten days to two weeks 
depending on the data available for each target variable. 
The parameters of the SVR model are tuned to minimize 
the prediction error between the measured and 
forecasted electric demand over the training set. Once 
the model is trained, it is used to forecast the electric 
demand over the following six hours. 

The problem of multi-step-ahead forecasting is 
commonly solved using two types of strategies: an 
iterated strategy or a direct strategy (Taieb, Sorjamaa et 
al. 2010). The iterated strategy uses a repetition of one-
step-ahead forecast with the same forecasting model 
using only the past values of the target variable. For 
instance, when the current time is t, the model forecasts 
the target variable at time t+15 min using the previous 
and current observations of the target variable. The 2nd 
forecast, at time t+30 min, is performed using the 
previous observations at times t, t-15, t-30 etc. and the 
first forecast of the target variable at time t+15 min, and 
so on. In the example given in Equations [7], the model . forecasts the value of the target variable / by iteration 
over a horizon of prediction of one hour with a 15 min 
time interval. The window width of regressors of the test 
set is kept constant with 0 + 1 observations, from t to t-
n for	/2���, and t+15 to t-n-15 for /2�!�	etc.  /2��� = .3/� , /�4��, … , /�4�6 /2�!� = .3/2���, /� , /�4��, … , /�4�4��6 /2�7� = .3/2�!�, /2���, /� , /�4��, … , /�4�4!�6 /2�8� = .3/2�7�, /2�!�, /2���, /� , … , /�4�47�6 

[7] 

Where, / is the measured value of the target variable 
and /2 is the forecasted value. 
In the direct strategy for multi-step-ahead forecasting, 
one forecasting model is developed and trained for each 
time step of the prediction horizon. For the example 
given previously, four forecasting models (.�, … , .7) are 
developed for the forecast of the variable / at times t+15 
to t+60 min. Each forecasting model uses the same set 
of regressors and training dataset, from previous (9 − 0) 
to current (9) observations (Equations [8]). Other 
regressors (;) can also be involved. The direct strategy 
is also time consuming since a different forecasting 
model is developed and trained for each time step of the 
prediction horizon. In addition a particular set of 
regressors needs to be identified for each forecasting 
model. 



 
 

 
 

/2��� = .�3/� , /�4��, … , /�4�, ;� , … , ;�4�6 /2�!� = . 3/� , /�4��, … , /�4�, ;� , … , ;�4�6 /2�7� = .!3/� , /�4��, … , /�4�, ;� , … , ;�4�6 /2�8� = .73/� , /�4��, … , /�4�, ;� , … , ;�4�6 
[8] 

In this study, for the cascade-based approach, the 
iterated approach is retained. Other regressors are 
involved in addition to the current and past values of the 
target variable. For each regressor used in the model, a 
specific forecasting model is developed. For instance, in 
Equations [9], the target variable (/) is forecasted by the 
model (.�) based on its current and previous values from 
time 9 to	9 − 0. The current and past values of two other 
regressors (;�, ; ) are also involved, from time 9 to	9 −<, and respectively 9 to	9 − =. Forecasting the value of 
the target variable at the following time step (/2�!�) 
requires the estimates of the target variable and 
regressors at the previous time step 
(/2���, ;2����, ;2 ���). In the example of Equations [9], 
two autoregressive forecasting models (. , .!) are 
developed to estimate the future value of each regressor 
(;2���� and	;2 ���). 

/2��� = .� > /� , … , /�4�,;�� , … , ;��4�, ; � , … , ; �4�?  ;2���� = . 3;�� , ;��4��, … , ;��4�6  ;2 ��� = .!3; � , ; �4��, … , ; �4�6  
/2�!� = .� @ /2���, /� , … , /�4�4��,;2����, ;�� , … , ;��4�4��,;2 ���, ; � , … , ; �4�4�� A  ;2��!� = . 3;2����, ;�� , ;��4��, … , ;��4�4��6  

;2 �!� = .!3;2 ���, ; � , ; �4��, … , ; �4�4��6  

[9] 

The inputs of the autoregressive model are selected by 
autocorrelation analysis. The past values of the regressor 
that are moderately to strongly correlated to the value at 
time t are retained, with an autocorrelation coefficient 
greater or equal to 0.7 (Reddy 2011).  

The autoregressive models are trained over datasets of 
size varying from ten to fourteen days depending on the 
available measurements of each target variable.  

CASE STUDY: PRE-PROCESSING STEPS  

The proposed forecasting approach is applied on the 
case study of the Genomic research building, which has 
a total floor area of 5,400 m2, over five levels, including 
a basement. The building is oriented 60° NW and has a 
window-to-wall ratio of 33%. The building is composed 
of laboratories, offices, conference rooms and a data 
center in the basement.  

 

Figure 2 Genomic Research Center 

This section presents the details of the three 
preprocessing steps: exploratory data analysis, selection 
of the regressors and identification of the typical daily 
profiles. The pre-processing steps are presented only for 
the first target variable (the supply air flow rate), because 
of space limitation. 

Exploratory analysis of the supply air flow rate 

The daily operation of the supply fans in both AHUs of 
the Genome building is recorded through the BAS, at a 
15 min time interval, over summer 2014, from the 1st of 
June to the 31st of August. The daily operation is 
presented on the carpet plot (Figure 3). The x-axis refers 
to the hour of the day and on the y-axis is the date over 
the selected time period. The colour of each cell 
corresponds to the supply air flow rate as percentage of 
the fans capacity in both AHUs. It varies from 0% in 
dark blue to 100% in dark red (42,472 L/s for both 
AHUs). The white squares occurring from 10th to 12th 
of June correspond to missing data.  

The fans are operated at a higher level (50 to 60% of the 
capacity) on working days from 8:00 to about 18:00 
(vertical red dashed line). The starting and stopping time 
are approximately determined based on the colour of 
cell. This is just a first exploratory analysis. The starting 
time clearly appears, while the stopping time is more 
variable. The fans work at a lower level at night and on 
weekends (around 40% of the capacity).  



 
 

 
 

 

Figure 3 Schedule of operation of the supply fans in 

both AHUs in summer 2014 

The probability distribution function of supplied air flow 
rate from both AHUs over the summer season of 2014 is 
presented in Figure 4. Two modes of operation can be 
noticed in the summer season (in black for occupied 
period and white for unoccupied). The median supply air 
flow rate equals about 18,500 L/s (44% of the design 
capacity) during unoccupied periods. The median 
increases to reach 21,300 L/s (50% of the design 
capacity) during the occupied periods. The probability 
distribution of the supply air flow rate corresponds to 
two normal distributions. The probability distribution 
functions of the supplied air flow rate are presented in 
terms of percentage of the designed capacity of the fan 
(Figure 4). 

 

Figure 4 Probability distribution of supply air flow rate 

corresponding to occupied and unoccupied periods 

Selection of the regressors for the forecasting of the 

supply air flow rate  

The selection of independent variables (regressors) is an 
important step in the development of the model that 
impacts significantly on its forecasting performance. 
This pre-processing step gives a better understanding of 
the regressors related to the target variable to forecast, 
and it facilitates the visualization of the data by reducing 
its dimension. The issue of selecting a subset of 
variables is presented and discussed in details in (Guyon 
and Elisseeff 2003).  

In this study, a cross-correlation analysis is performed to 
identify the potential regressors and the past values of 
the regressors, to model the target variable.  

Identification of the relevant past values by cross-

correlation analysis 

The value of the target variable at the next time step, 
t+15 min, is forecasted by using a number of relevant 
past values (known values at previous times steps t, t-15, 
t-30 min etc.), which are selected as regressors. A 
filtering technique is then used based on the calculated 
cross-correlation coefficients of the target variable with 
the independent variables, to rank and select the 
variables whose coefficients are above a defined 
threshold. 

The cross-correlation coefficient is calculated using 
equation [10], detailed in [11], where BCDE is the vector 
of the target variable including j observations over 
summer 2014. BCDE contains the previous values of B 
until and including the observation at time t and t+15 
min. FCDE is a vector containing the previous 
observations of one of the potential regressors until and 
including the observation at time t and t+15 min. /���GGGGGGG 
and ;���GGGGGGG are respectively the average values of the 
vectors	BCDE and FCDE over the j measurements. HIJ is 
the covariance and J�K the variance.  

L3M6 = ��NOBCPDE,FCPDEQ
RN��OBCPDEQN��OFCPDEQ  [10] 

L3M6 = ∑ 3�TUPVW4�UPVWGGGGGGGGG63�TUPVW4�UPVWGGGGGGGG6T
R∑ X�TUPVW4�UPVWGGGGGGGGGYZT ∑ X�TUPVW4�UPVWGGGGGGGGYZT

  [11] 

The cross-correlation coefficient is calculated between 
the target vector	BCDE and 0 vectors of potential 
regressors [FDCDE4\, … , F]CDE4\] with M varying from 15 
to 300 min (equivalent to 5 hours). A time delay in the 
potential regressors greater than 5 hours is not 
considered to limit the number of regressors.  

Figure 5 presents those variables that might have an 
impact on the forecasting of the supply air flow rate at 
time t+15, out of all available variables (Table 5); those 
variables are displayed on the x-axis. The color of cell 
indicates the value of the cross-correlation coefficient. A 
value of the coefficient greater than or equal to 0.7 
indicates a moderate to strong correlation (Reddy 2011), 
presented by colors from orange to red with black 
diamonds, such as the occupation from time t to t-90 
min. The figure gives an indication on the possible time 
lag between the target variable and the relevant 
regressors. The y-axis shows the value of the time lag in 
minutes. For instance, the supply air flow rate 
(AHU1&2 FLOW_SUP) at time t+15 min is correlated 
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to its previous values from time t to t-105 min (black 
diamonds on the left of Figure 5).  

The variable labelled “occupation” is a variable derived 
from the operation of the fans. It takes a value of 1 
during occupied periods (08:00 to 18:00 on weekdays) 
and 0 during unoccupied periods. 

The correlation between the total supply air flow rate 
and the return air flow rate in both AHUs is due to the 
fact that the supply and return fans have a similar 
schedule of operation. The return air flow rate in both 
AHUs is not being kept as a regressor. The supply air 
flow rate in each AHU (AHU1 FLOW_SUP and AHU2 
FLOW_SUP) are already included in the derived 
variable which is the summation of both (AHU1&2 
FLOW_SUP). 

Filtering of the relevant variables to the supply air flow 

rate 

The techniques of selecting the regressors can be 
classified into three groups: the filter, wrappers and 
embedded techniques (Guyon and Elisseeff 2003). The 
filter methods rank the variables according to a unique 
metric, such as the Pearson linear correlation coefficient, 

which grades their relation to the target variable. The 
wrapper methods rate the variables depending on their 
usefulness to the forecasting algorithm. A variable is 
considered useful to the prediction algorithm when its 
use as a regressor reduces the prediction error. In this 
case, all the combinations of variables as regressors are 
tested. The embedded methods are specific to a 
forecasting model; the algorithm selecting the regressors 
is embedded in the prediction algorithm. The regressors 
are selected by minimizing a prediction error; it is 
embedded in the learning process.  

In this study, a filtering approach is used to select the 
potential regressors among all the available variables 
gathered through the BAS. The cross-correlation 
coefficient (equivalent to the Pearson linear correlation 
coefficient) is the metric used to rank the variables. All 
the variables presenting a moderate to strong correlation 
with the target variable are retained; i.e. with a Pearson 
coefficient greater than a threshold of 0.7. These 
variables are highlighted in Figure 5 by a black diamond. 

The regressors retained to forecast the supply air flow 
rate are ranked in descending order of the cross-
correlation coefficient and listed in Table 1. 

 

Figure 5 Relevant variables for the forecasting at time t+15 of the supply air flow rate and their time lag 
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Table 1 Ranked regressors retained for the forecasting at time t+15 of the supply air flow rate and the 

corresponding cross-correlation coefficient 

Rank Regressors  Description 
Time lag  

(min) 

Correlation 

coefficient 

1 AHU1&2 FLOW_SUP Supply air flow rate t 0.899 
2 AHU1&2 FLOW_SUP Supply air flow rate t-15 0.874 
3 AHU1&2 FLOW_SUP Supply air flow rate t-30 0.854 
4 AHU1&2 FLOW_SUP Supply air flow rate t-45 0.828 
5 OCCUPATION Occupied and unoccupied periods t 0.807 
6 AHU1&2 FLOW_SUP Supply air flow rate t-60 0.804 
7 OCCUPATION Occupied and unoccupied periods t-15 0.799 
8 OCCUPATION Occupied and unoccupied periods t-30 0.788 
9 AHU1&2 FLOW_SUP Supply air flow rate t-75 0.774 
10 OCCUPATION Occupied and unoccupied periods t-45 0.772 
11 OCCUPATION Occupied and unoccupied periods t-60 0.753 
12 AHU1&2 FLOW_SUP Supply air flow rate t-90 0.743 
13 OCCUPATION Occupied and unoccupied periods t-75 0.737 
14 AHU1&2 FLOW_SUP Supply air flow rate t-105 0.712 
15 OCCUPATION Occupied and unoccupied periods t-90 0.711 

As a result, the supply air flow rate can be forecasted at 
time t+15 using its current and past values as well as the 
occupation (Equation [12]):  

AHU1&2	defg_ijk39 + 156 =	.	3AHU1&2	defg_ijk39, … , 9 − 1056,	OCCUPATION3t, … , t − 9066 [12] 

Identification by clustering analysis of typical daily 

profiles of supply air flow rate 

The process of data mining can be used for “prediction”, 
i.e., to estimate the value of a variable, and for 
“description”, i.e., to extract patterns that can be 
presented and understood by a user (Fayyad, Piatetsky-
Shapiro et al. 1996). In this study, a fuzzy C-means 
clustering algorithm is used, for the “description” 
purpose, to analyse the daily profiles of the target 
variable and identify similar profiles based on a distance 
metric. The daily profiles of the supply air flow rate are 
the individuals of interest for which the clustering 
analysis looks for similarity. These daily profiles are 
composed of 15-min time-step measurements, giving a 
vector of 96 values per day. The period studied is from 
the 1st of June to the 31st of August, that is 92 daily 
profiles, each one composed of 96 values.  

The daily profiles are reduced to six features 
characterizing their pattern over the day (Table 2). The 
mean and standard deviation of the supply air flow rate 
over portions of the day are used as features to compare 
the profiles; these statistical indices are a common and 
useful tool for comparison. The specific portions of the 
day have been determined based on a more detailed 
analysis of the fans operation (Figure 3). An unoccupied 
period is identified from 00:00 to 07:00. The occupied 

period is divided in two parts: in the morning from 07:00 
to 12:00 and the rest of the day from 12:00 to 24:00. The 
end of the occupation period was not clearly identified 
from Figure 3. Three daily profiles presenting missing 
values (Figure 3: from 10th to 12th of June) are removed 
from the dataset. 

Table 2 Features characterizing the supply air flow 

rate daily profiles 

Features  Description vD, wD Mean and standard deviation over the 
time period from 00:00 to 07:00 vx, wx Mean and standard deviation over the 
time period from 07:00 to 12:00 vy, wy Mean and standard deviation over the 
time period from 12:00 to 24:00 

The clustering analysis is then performed on the 89 
remaining profiles. Two parameters have to be set: the 
number of clusters and a membership threshold. The 
clustering algorithm calculates the coordinates of the 
center of each cluster that correspond to the eight 
features (Table 2), which are used to minimize the 
distance between the clusters centers and the 
individuals. When a new individual is considered for the 
assignment to a cluster, the similarity for that individual 
is determined by the Euclidean distance from the 
individual to the center of each cluster. A high similarity 
means that the individual is close to the center of the 
cluster. An individual is included into the cluster for 
which the calculated similarity is the highest. The 
membership threshold determines the minimum 
similarity required by the individual to belong to one of 
the clusters. If the similarity of an individual is less than 
the membership threshold, the individual is not assigned 



 
 

 
 

to any cluster; this is an atypical individual. For instance, 
if an individual has a similarity of 55% with cluster #1 
and 65% with cluster #2, and the membership threshold 
is 70%, the individual is said atypical. If membership 
threshold is 60%, the individual belongs to the cluster 
#2. 

In this study, the clustering analysis was iteratively 
performed by using different number of clusters. The 
final number of two clusters for the typical profiles was 
chosen with respect to the observed profiles of supply 
air flow rate.  

The membership threshold is set to remove the atypical 
profile from each cluster such as a daily profile with an 
abnormal peak. The threshold should be high enough to 
extract the abnormal profiles but not too close to 100% 
to avoid having too many profiles removed; a trial-error 
process is performed. The results of the clustering 
analysis performed with a membership threshold of 75% 
and two clusters are presented on Figure 6; where the 15 
min time-step daily profiles are displayed. Cluster #1 
contains 55 profiles, while cluster #2 contains 27 
profiles. Seven atypical profiles are discarded from the 
dataset. The values of the clusters’ centers returned by 
the clustering algorithm are presented in Table 3. 

Table 3 Values of the features corresponding to the 

center of each cluster of the supply air flow rate 

 Features Value [%] Time period 

C
lu
st
er
  

#
1
 

z� ± |� 43.8 ± 	1.3 00:00 to 07:00 z ± |  48.9 ± 	3.6 07:00 to 12:00 z! ± |! 47.6 ± 	3.4 12:00 to 24:00 

C
lu
st
er
 

#
2
 

z� ± |� 42.5 ± 	1.1 00:00 to 07:00 z ± |  43.4 ± 	1.5 07:00 to 12:00 z! ± |! 43.3 ± 	1.4 12:00 to 24:00 

 

Figure 6 Two typical daily profiles corresponding to 

working days and weekends 

On Figure 6, the air flow rate profiles are displayed in 
red, black and blue, respectively for the months of June, 
July and August. It can be noticed that the supply air 
flow rate is significantly reduced twice a day around 
00:30 and 12:30 in June and around 09:15 and 21:15 in 
August. 

Figure 7 presents the day type analysis of the profiles 
included in clusters 1 and 2. The profiles gathered in 
clusters 1 correspond to working days and respectively, 
for cluster #2, weekends and holidays. The Tuesday 
appearing in the second cluster is Canada Day, on the 1st 
of July.  

 

Figure 7 Day-type analysis of the two clusters 

The schedule of operation of the fans that was first 
approximately determined from the exploratory analysis 
(Figure 3) is now readjusted. During the occupied 
period, the fans are operated from 07:00 to 20:00 on 
working days (Cluster #1 of Figure 6) instead of 08:00 
to 18:00. 

Regarding the pre-processing steps, two forecasting 
SVR models should be developed for the first target 
variable. Each model is representative of the typical 
daily profile of the supply air flow rate over each cluster. 
These forecasting models use, as regressors, the past and 
current values of the supply air flow rate and the derived 
variable labelled “occupation”. The same sequence of 
pre-processing steps is performed for the other target 
variables: the cooling coil load, the whole building 
cooling load and the electric demand of the secondary 
and primary cooling system. 

CASE STUDY: MULTI-STEP-AHEAD 
FORECAST OF THE ELECTRIC DEMAND  

Once the set of regressors for each forecasting model are 
defined as well as the partitions of the dataset with 
similar daily profiles, the SVR forecasting models are 
trained. The regression coefficients of the model are 
tuned to minimize the forecasting error on the training 
set. The forecasting models are then tested over the 
following six hours.  

This section presents the forecasts of each target variable 
of the cascade-based approach over one example on 
Friday, the 22nd of August, from 05:00 to 11:00. The 
target variables are forecasted one after the other starting 
with the supply air flow rate in both AHUs of the 
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Genome building, the cooling coil load and the whole 
building cooling load. The forecast of the three first 
target variables is displayed in Figure 8; the measured 
profiles are shown in red and forecasts in blue. The 
forecasts are displayed with error bounds representing 
the interval of 95% confidence of the prediction. The 
error bound is estimated based on the assumption that 
the forecasting error follows a Laplace distribution with 
a null mean and a scale parameter (�) extracted from the 
training dataset (Chang and Lin 2011). A good 
forecasting performance is showed on this example: the 
supply air flow rate presents a root mean square error 
(RMSE) of 417 L/s and a coefficient of variation of the 
RMSE (CV(RMSE)) of 2.1%. The cooling coil load 
shows a RMSE of 35 kW and CV(RMSE) of 25.9%; and 
the building cooling load a RMSE of 17 kW and 
CV(RMSE) of 5.3%.  

The target variables corresponding to the electric 
demand of the secondary system in the Genome building 
and primary cooling system in the central plant are then 
forecasted on the same time period from 05:00 to 11:00 
on the 22nd of August. The electric demand of the supply 
fans in both AHUs is estimated using equations [2] and 
[3]. The forecasted supply air flow rate (Figure 8) is 
normalized with the maximum value of supply air flow 
rate on the period of the spot measurements. The 
normalized electric demand of the supply fans is 
estimated with the polynomial regression model 
(Equation [3]) and the regression coefficients identified 
from spot measurements of the fans (Table 4). The future 
electric demand of the fans is given by Equation [2]. The 
forecast is displayed in blue on the top graph of Figure 
9. The red profile corresponds to the electric demand of 
the fans estimated with the measured supply air flow rate 
instead of the forecast. The forecasting performance is 
very similar to the one of the supply air flow rate since 
the measured electric demand of the supply fans is not 
available on the test period. The upper and lower values 
of the benchmarks are displayed as well on Figure 9, in 
green. They are derived from the electric demand on the 
training dataset, including the ten days preceding the test 
set in the related cluster. The upper and lower 
benchmarks are calculated at each time step; they 
correspond to the adjacent values defined by Tukey in 
(Tukey 1977).  

The electric demand of the chillers is forecasted using 
the previously forecasted cooling load of the building 
(Figure 8) along with its current and previous values, the 
cooling load of the plant, the chilled water return 
temperature and the outdoor air temperature. The 
forecasting performance reaches a RMSE of 27 kW and 
CV(RMSE) of 9.9% on that example. The electric 
demand of the fans in the cooling towers is forecasted 
with a RMSE of 1 kW and CV(RMSE) of 43.0% over 
the same test period. 

 

Figure 8 Forecasting of the first three target variables 

on Friday, the 22nd of August 2014. 

Table 4 Regression coefficients of the fans performance 

models 

Model / 

Coefficients  
ASHRAE 

Energy 

Plus 

Measurements 

of the fans 

 �� 0.0013 0.0015302 0 
 �D 0.147 0.0052081 0.1268 
 �  0.9506 1.1086242 0 
 �y 0.0998 -0.1163556 0.8732 

 

Figure 9 Forecasting of the electric demand of 

secondary and primary cooling systems on Friday, the 

22nd of August 2014. 
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The electric demand of the secondary system is added 
up to the electric demand of the primary system 
dedicated to the cooling requirements of the Genome 
building. The ratio (') of the cooling load of the Genome 
building to the total cooling load of the central plant is 
identified as constant from the measurements at a value ' = 0.12 over the summer 2014. The total electric 
demand of the cooling system of the Genome building is 
displayed in Figure 10. It includes the electric demand 
of the supply fans in both AHUs (in red), the 12% of the 
electric demand of the chillers dedicated to the Genome 
building (in green), and also the electric demand for the 
fans of the cooling towers (in blue). The main part of the 
total electric demand of the Genome building 
corresponds to the electric demand of the supply fans: it 
varies around 60% of the total electric demand in this 
example (from 40 to 50 kW). The 12% of the electric 
demand of the chillers dedicated to the cooling 
requirement of the Genome building varies around 40% 
of the total electric demand in this example (from 20 kW 
to 30 kW). The electric demand of the cooling towers is 
negligible compared to the chillers; it accounts for a 
maximum of 0.5% of the total electric demand (640 W). 

The amount of electric demand dedicated to the chillers 
for the cooling requirement of the Genome building 
increases from about 40% to 45%, on the period from 
05:00 to 11:00; while, in the same time the electric 
demand dedicated to the supply fans decreases from 
62% to 54%. 

 

Figure 10 Contribution of each HVAC system in the 

forecasted electric demand on Friday, the 22nd of 

August 2014. 

CONCLUSIONS AND DISCUSSIONS 

The cascade-based method was developed to forecast 
over the next six hours (short-term) the electric demand 
of the HVAC system of a case study research building. 
This method was presented and tested over the cooling 
season of 2014. The cascade-based method forecasts 
successively three target variables on the 22nd of August 
from 05:00 to 11:00: the supply air flow rate, the cooling 

coil load and the whole building cooling load. The 
electric demand of the secondary and primary cooling 
systems is then forecasted with a RMSE of 2 kW for the 
supply fans, 27 kW for the chillers and 1 kW for the 
cooling towers.  

The cascade-based method performs a multi-step 
forecasting of the electric demand of the HVAC system 
at a 15 min time-step over a prediction horizon of six 
hours. This forecasting method allows to estimate the 
contribution of some selected HVAC components to the 
total electric demand of the building over the six 
following hours (Figure 10). The proposed method is 
useful to test some demand response strategies. For 
instance, the impact of a change in the setpoints of the 
HVAC system on the future value of target variables and 
on the total electric demand of the building can be 
forecasted. 

The cascade-based forecasting method presents a good 
generalization ability since the inverse models (Support 
Vector Machines) used for the forecast of target 
variables are known for their adaptability.  

In addition to the selection of regressors, the accuracy of 
the forecast of some regressors, over the six-hour time 
period, presents an influence on the forecasted target 
variable. A sensitivity analysis should be performed to 
detect the most influencing regressors to the target 
variable. The forecasting models of these most 
influencing regressors could be improved by using other 
variables in input in addition to its previous values. A 
trade-off must be considered between the accuracy of 
the forecast of the regressors and the level of complexity 
of the forecasting approach. 

  



 
 

 
 

NOMENCLATURE

Table 5 Available measured and derived variables from the BAS 

Points Symbol Description 
Measured or 

Derived (M/D) 
Units 

Variables of interest 

GE CHW_FLOW_SUP #�+,�,
� Chilled water flow rate supplied to the building M L/s 
GE CHW_T_SUP �+,�� Supply chilled water temperature M °C 
GE CHW_T_RET �+,�) Return chilled water temperature M °C 
AHU1&2 T_SUP ��� Average supply air temperature of both AHUs M °C 
AHU1&2 FLOW_SUP #��� Supply air flow rate of both AHUs D L/s 
AHU1&2 CC_LOAD (�++� Cooling coil load on the air side of both AHUs D kW 
GE CG_LOAD (�
� Building cooling load D kW 
AHU #1 

AHU1 FLOW_SUP #���,� Supply air flow rate M L/s 
AHU1 FLOW_RET #�)�,� Return air flow rate M L/s 
AHU1 MOD_MIX_DAMP <I��,� Mixed air damper modulation M % 
AHU1 H_SUP L���,� Relative humidity of supply air M % 
AHU1 H_RET L�)�,� Relative humidity of return air M % 
AHU1 T_MIX ���,� Mixed air temperature  M °C 
AHU1 T_RET �)�,� Return air temperature M °C 
AHU1 MOD_CG_V <I�++�,� Cooling coil valve modulation M % 
AHU1 E_SUP ℎ��,� Enthalpy of supply air D kJ/kg 
AHU1 E_RET ℎ)�,� Enthalpy of return air  D kJ/kg 
Outdoor air 

OUT_H L��� Outside air relative humidity M % 
OUT_T ��� Outside air temperature M °C 
OUT_E ℎ�� Outside air enthalpy D kJ/kg 
Time 

HOUR � Hour of the day D -1,…,1 
DAY � Day of the week  D -1,…,1 
DAYTYPE �� Working day or weekend D 0,1 
OCCUPATION fHH Occupied and unoccupied periods D 0,1 
Other indicators 

CG_NET S_S_CH ���� Operation of the two chillers  D 0, 1, 2 
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