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ABSTRACT
In the U.S., educational facilities consume a large
amount of energy. Model predictive control schemes can
improve the energy efficiency of educational facilities.
Accurate and fast prediction of the cooling load is
essential to performances of model predictive control
schemes. Although many methods for the cooling load
prediction were proposed, they are not suitable for
educational facilities due to the lack of an efficient way
to reflect the impact of internal activities on the cooling
load. After analyzing the characteristics of cooling load
of educational facilities, we proposed to use the day type
instead of the day of the week as the input for the
prediction. Then we constructed a Bayesian Network
model based on that. To evaluate how the proposed
inputs enhance the cooling load prediction, we also
implemented the other Bayesian Network model with
inputs recommended by the literature. To assess
performances of those models, we performed a case
study in which on-site measured cooling load and
meteorological data was used for the training and testing.
The results show that the Bayesian Network models can
capture the trend of cooling load even with a limited size
of training data. Replacing the day of the week by the
day type can significantly improve the accuracy of
cooling load prediction for educational facilities.

INTRODUCTION
In 2003, the energy consumption by educational
facilities is around 8.2 1014 Btu, which accounts for
11% primary energy consumption by commercial
buildings in the U.S. (Kelso 2012). Thus, increasing the
energy efficiency of educational facilities plays a great
role in reducing the energy consumption of the nation.
Model predictive control schemes can improve the
energy efficiency of educational facilities. For example,
Ma, et al. (2010) described a model predictive control

scheme for the operation of a building control system
that served the campus of the University of California,
Merced. They asserted that the efficiency of the studied
system could be improved by 19%, compared to the
original baseline logics. Accurate prediction of cooling
load of buildings for the future period is essential for
model predictive control schemes (Ma, et al. 2010,
Huang, et al. 2014, Malara, et al. 2015, Huang, et al.
2016). However, it is challenging to accurately predict
the cooling load because it is affected by many factors,
such as the meteorological condition and internal
activities. In addition, the relationship between the
cooling load and those factors is complicated and
nonlinear.
To predict the cooling load, there are two typical
approaches. One is to use building energy simulation
tools such as DOE-2 (Birdsall, et al. 1990), EnergyPlus
(Crawley, et al. 2001), and TRNSYS (Klein, et al. 1976).
Those tools predict the cooling load based on a physical
model of the building system including building
geometry, construction material details, and equipment.
Although those tools have been successfully used to
predict the cooling load (Thevenard, et al. 2006, Eskin,
et al. 2008), it is time-consuming and resource-intensive
to create the physical models and collect measured data
and detailed information of building characteristics to
calibrate the models.
The other approach is to use regression models to predict
the cooling load according to representative parameters
of building operation. These regression models include
Neural Networks Models (Sakawa, et al. 2001, BenNakhi, et al. 2004, Kwok, et al. 2011, Hu, et al. 2015),
Auto-regressive with Exogenous Inputs models (Guo, et
al. 2014), Support Vector Machine models (Li, et al.
2009, Li, et al. 2009), Hourly Cooling Load Factor
Methods (Lin Duanmu, et al. 2013), Previous Prediction
Error based Online Load Prediction Methods (Sun, et al.
2013), and Analytic Hierarchy Process Methods (Yao, et
al. 2004). Compared to the physical models, the
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regression models are easier to create and only require
onsite-measured data. Due to those advantages, the
regression models are preferable in the real
implementation (Kwok, et al. 2011).
Although various regression models mentioned above
were proposed, those models still have some limitations.
Some models (Ben-Nakhi, et al. 2004, Yao, et al. 2004,
Li, et al. 2009, Li, et al. 2009, Lin Duanmu, et al. 2013,
Sun, et al. 2013, Guo, et al. 2014) only employ the
meteorological data as the inputs. However, the cooling
load is affected not only by the meteorological condition
but also internal activities. Thus, those models may have
significant errors in predicting the cooling load if internal
activities pose significant impacts on the cooling load.
To address this limit, some regression models employ
both the meteorological data and the occupancy activity
indicators as the inputs. Sakawa, et al. (2001) proposed
a regression model which used the outdoor temperature,
the hour index of a day (1, 2,…, 24), and the day of the
week (1,…,7) to predict the cooling load. The hour index
and the day of the week can be used to reflect internal
activities of the buildings such as the office buildings
which have a regular operation schedule. However, for
buildings with irregular operating schedules, the hour
index and the day of the week are not sufficient to
represent the dynamic change of the internal activities
(Kwok, et al. 2011). To solve this problem, researchers
proposed different methods to represent the internal
activities. Hu, et al. (2015) used the electrical load while
Kwok, et al. (2011) proposed to use the hourly total
occupancy area and the hourly total primary air handling
unit power consumption to reflect the internal activities.
For educational facilities, all above mentioned models
are not suitable for predicting their cooling loads
because: first, internal activities are usually the
dominating factors of the cooling load (ASHRAE 2011);
second, operating schedules are usually irregular; third,
hourly total occupancy area, the hourly total primary air
handling unit power consumption or the indoor electrical
load may not be accessible. Therefore, it is necessary to
develop a new cooling load prediction method for
educational facilities.
As we mentioned earlier, the relationship between inputs
and outputs for the cooling load prediction is
complicated and nonlinear. Thus, it will be interesting to
explore the possibility of other methods for predicting
such complex relationship. One possibility is Bayesian
Network model (Pourret, et al. 2008 ). The Bayesian
Network model is a data-driven probabilistic graphical
model. Previous studies show that the Bayesian Network
model is able to handle the complicated relationships in
the building domain (Jensen, et al. 2009, Tarlow, et al.
2009, Toftum, et al. 2009, O'Neill 2014, Malara, et al.
2015). For example, Tarlow, et al. (2009) used the

Bayesian Network model to predict the building energy
consumption. However, no study of applying the
Bayesian Network model in the cooling load prediction
has been reported to our best knowledge.
In the following part of the paper, we first elaborate on
how we identify the inputs for the cooling load
prediction. We then present a brief explanation of the
Bayesian Network model and how we implement the
cooling load prediction methods using the Bayesian
Network model. For comparison, we also implemented
the other Bayesian Network model with inputs
recommended by the literature. After that, we perform a
case study to evaluate performances of the two Bayesian
Network models using on-site measured data from a real
educational facility.

INPUTS OF THE PREDICTION OF THE
COOLING LOAD OF EDUCATIONAL
FACILITIES
The cooling load for buildings is usually affected by
factors such as the meteorological condition and internal
activities. Depending on types of buildings, the
meteorological condition and internal activities affect
the total cooling load in different ways. For example, in
data centers, the cooling load is dominated by the heat
gain from the IT equipment so that the impact of the
meteorological condition is negligible. However, for
buildings with a constant and high fresh air requirement,
the cooling load is mainly for cooling the fresh air. In
that case, the cooling load is mainly determined by the
meteorological condition.
Selecting the inputs for the cooling load prediction needs
a careful balance between the model accuracy and input
accessibility. On one side, including more factors in the
inputs tends to give better prediction results; on the other
hand, the inputs should also be easily accessible so that
the efforts for implementation can be minimized. As
discussed in the introduction section, the conventional
approaches for selecting the inputs are either too simple
to reflect the internal activities or too complicated for the
implementation. Therefore, they are not suitable for
educational facilities.
For educational facilities, the dominating activity is the
academic activity. Thus, internal activities are
significantly different in the class days and the holidays
in which no classes are offered. In addition, if there are
events such as the sports events or ceremonies occur, the
number of the occupancies will be different with that in
other periods since guests may attend those events.
Based on the above analysis, we divide the days into
three types (shown in Table 1). It is expected that those
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days in the same type have the similar internal activity
pattern.
Table 1 the day types in educational facilities
NUMBER

TYPE NAME

1

Class Day

2

Holiday

3

Event Day

DESCRIPTION
The days when the
classes are offered
The days when no
classes are offered
The days when events
(e.g. sport event and
ceremonies) occur

Based on the above analysis, day types can be used to
represent internal activities. In addition, day types can be
easily recognized based on academic calendars that are
commonly available for educational facilities. Thus, we
select the day type as one of the inputs for predicting the
cooling load. Besides the day type, we also use an hour
index and an outdoor dry bulb temperature to reflect the
change of internal activities within one day and the
meteorological condition, respectively.

BAYESIAN NETWORK MODEL
After we identify the inputs of the cooling load
prediction, the next step is to find an approach to
describe the relationship between the proposed inputs
and the cooling load. In this study, we employ a Bayesian
Network model for that purpose.
Bayesian Network Theory
As shown in Figure 1, a typical Bayesian Network model
includes two components: nodes and arcs. The nodes
to
) represent variables that comprise the
(e.g.
system of analysis. The arcs indicate the dependencies
between the nodes. These dependencies are expressed as
probabilistic relationships. A node that impacts other
and ) and a node
nodes is called a parent node (e.g.
that is impacted by other nodes is called a child node
and ). A node can be both a parent node and a
(e.g.
and ).
child node (e.g.

Figure 1 The structure of a typical Bayesian Network
Model
The probabilistic relationships for the arcs are defined as
conditional probabilities of a random variable. For
example, for one child node , its conditional
is:
probability given the state of its parent nodes set
/

,

/

,

(1)

where
.

= { ,…,
} is the set of parent nodes for
,
is the joint probability of
and , and
is the probability of each state of
.
Procedure to Develop a Bayesian Network Model
The typical procedure of developing the Bayesian
Network model consists of five steps.
Step 1: The first step is to decide the nodes that relate
inputs and outputs of the Bayesian Network model. The
conditional probabilities of the arcs are also developed.
Step 2: Based on the identified relevant variables in Step
1, we select the training dataset. The training dataset
expresses the relationships between the child nodes and
the parent nodes. For the cooling load prediction, the
training dataset can be selected according to the on-site
measurement of the cooling load, meteorological data,
and so on.
Step 3: We need to discretize the continuous variables in
the training dataset into the discretized domain for the
Bayesian Network model (Friedman, et al. 1996). This
allows the Bayesian Network model to capture rough
characteristics of the distribution of the continuous
variables. We will discuss the discretization in the
following section.
Step 4: We train the Bayesian Network model by
determining all the probabilities for the nodes, and the
conditional probabilities for the arcs. We count the
frequencies of each possible value for the nodes. Then,
these frequencies are used to calculate the conditional
probabilities of the arcs based on Equation (1).
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Step 5: Calculate Expectations. After training, we obtain
the conditional probabilities for the arcs. However, to use
the Bayesian Network model for predicting the values of
the child nodes, we have to calculate the expectations of
the child nodes for given states of the parent nodes.
Based on the obtained conditional probabilities from
Step 4, we calculate the expectation for the child node
by:
∑

(2)

,

where
is one possible value of
,
is the total
number of the possible values, and is one state for .
The expectations are the outputs of the Bayesian
Network model.
Discretization of Training Dataset
In the real practice, a problem we usually encounter
when training the Bayesian Network model is that the
obtained training dataset from on-site measurement may
not cover the full range of variables. For example, as
shown in Figure 2, for a Bayesian Network model that
contains two parent nodes, the training data only cover a
very few parts of the complete range.
Large Interval

P2

X

Small Interval

P2

X

X

X
X

X

Bayesian Network Model for Cooling Load
Prediction
For the cooling load prediction, as we mentioned in the
previous section, the proposed inputs are the hour index,
the outdoor dry bulb temperature, and the day type. The
output is the predicted cooling load. Based on this, we
build the Bayesian Network model (BN1) for the cooling
load prediction as shown in Figure 3.

P1

Figure 3 The structure of BN1
To evaluate how proposed inputs affect the predication
accuracy, we also develop another the Bayesian Network
model (BN2) shown in Figure 4. In BN2, the inputs
derive from literature (Sakawa, et al. 2001): the hour
index and the day of the week are used to represent the
internal activities while the outdoor dry bulb temperature
is used to reflect the meteorological condition. By
comparing the results of BN1 and BN2, we can
quantitatively recognize the contribution of proposed
inputs in improving the cooling prediction accuracy.

P1

X : Availability of training data
P1, P2: Parent nodes

Figure 2 The impact of the interval on the
discretization result for a Bayesian Network model
contains two parent nodes
In this case, the size of the discretization interval
significantly affects the results: on one side, if we select
a relative large interval, we can make sure that there is
training data in most of the discrete segments (left part
of Figure 2); if we select a small interval, a large portion
of the discrete segments may have no training data (right
part of Figure 2). On the other side, a relative large
interval may prevent the Bayesian Network model from
precisely capturing the real conditional probabilities
between nodes. Therefore, we need to identify an
interval which is as small as possible while filling most
of discrete segments with training data.

Figure 4 The structure of BN2

CASE STUDY
To evaluate the performances of the proposed Bayesian
Network models, we perform a case study. In the case
study, the studied educational facility is a university
campus located in Annapolis, Maryland, U.S. We collect
the hourly cooling load data for the campus through the
building automation systems of the central cooling
system, which serves the campus. In addition, the
outdoor dry bulb temperature is obtained from a weather
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station, which is located in the campus (National
Climatic Data Center). As shown in Figure 5, the
collected cooling load and dry bulb temperature data
cover a period of ten weeks (07/14 – 09/22/2013). We
select one week (08/25-31) for testing and the rest nine
weeks for training. The measured cooling load ranges
from 0 to 30 MW and the outdoor dry bulb temperature
is from 10 to 35oC for the whole period.

The Holiday (value of 2) does not always occur in the
Saturdays and the Sundays. For example, 08/10/2013
was Saturday but there were still courses offered on that
day. In addition, there are a few Event Days (value of 3).
For instance, there was a football match occurred in the
campus on 09/07/2013.
BN1 and BN2 both use the dry bulb temperature as a
parent node. Since the dry bulb temperature is
continuous, we have to discretize it. In order to identify
the interval for the discretization, we study how the
interval affects the discretization results. As shown in
Figure 7, when the interval increases from 1 to 3oC, the
ratio of the testing data that is not covered by the discrete
training dataset for BN1 changes from around 5% to 0%.
For BN2, the ratio is always larger than 0% until the
interval equals to 5oC. The results are consistent with the
discussion of the discretization in the previous section: if
we select a small interval, a large portion of the discrete
segments may not be filled with training data. Since the
interval for BN2 should be at least equal to 5oC, we make
the intervals for BN1 and BN2 both equal to 5oC for the
comparison.

Figure 5 The collected cooling load and dry bulb
temperature data (07/14 – 09/22/2013)
The day of the week for the studied period can be
determined according to the date. The data regarding the
day type is recognized based on the university’s
academic calendar which can be obtained from the
university’s website. The day of the week and day type
are shown in Figure 6.

Figure 7 The impact of the discretization interval on
the discretization result for BN1 and BN2

Figure 6 The day of the week and the day type over
the studied period
As shown in Figure 6, the day of the week data for the
studied period evenly distributes. On the contrary, a large
portion of the day type are Class Day with a value of 1.

Figure 8 shows the prediction results of BN1 and BN2.
Both BN1 and BN2 can catch the change of cooling load
in the testing week. However, there are some times when
the deviation between the predicted cooling load and the
real measurement is relatively larger, especially in the
mid of each day. The deviation may be due to two
reasons: first, nine week training dataset may not contain
sufficient data for estimating the expectations; second,
the relatively large discretization interval of the dry bulb
temperature makes it difficult to capture the real
conditional probabilities between nodes.
To quantitatively evaluate the deviations between the
predicted cooling load and the on-site measurement, we
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also study the distribution of the deviations of the results.
We calculated the relative deviation,
, by
|

|

,

where
is the predicted cooling load and
measured cooling load.

(3)
is the

determination, denoted R2, to describe how well the
prediction is. The R2 is defined as
1

∑
∑

∑

,

(4)

is the th predicted cooling load,
is the th
where
measured cooling load, and is the number of predicted
cooling load data. An R2 equal to 1 indicates that the
prediction is prefect, while an R2 equals to 0 means that
the prediction does not fit the measurement at all. As
shown in Figure 10, BN1 has a relatively better
correlation (R2=0.57) compared to BN2 (R2=0.34).

Figure 8 The prediction result for BN1 and BN2
As shown in Figure 9, the relative deviations for BN1
have a relatively lower range and a lower median value
compared to that of BN2: the deviation ranges of BN1
are around 0-46% with a median value as around 13%;
for BN2, the deviations are up to around 56% and the
median value is around 20%. These results suggest that
BN1 achieves a better cooling load prediction compared
to BN2.

Figure 10 The correlation between the predicted and
measured cooling load for BN1 and BN2

CONCLUSION
Based on the above analysis, we can draw the following
conclusions:
1) The Bayesian Network models can be used for
the cooling load prediction of educational
facilities even with a limited amount of training
data;
2) Using the day type instead of the day of the
week can significantly increase the accuracy of
the cooling load prediction for educational
facilities.

Figure 9 The distribution of prediction deviations for
BN1 and BN2
To further understand how well the predicted cooling
load fits the measured cooling load, we also study the
correlation between the predicted and measured cooling
load. In statistics, we usually use the coefficient of

Currently we are still collecting cooling load data for the
studied campus. In the future, we will study if it is
possible to further enhance the cooling load prediction
by introducing more training data, based on which we
can provide quantitative recommendations regarding the
amount of required training data for the real
implementation.
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