Comparison of three random forest models of a chiller system
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Abstract
The current building operation and maintenance is
dependent on subjective decisions, e.g. building
operator’s experience and knowledge, rather than
employing a simulation model-assisted operation. It
demands in-depth knowledge of building physics,
systems and controls to develop the simulation model for
optimal operation. Rather than using the first-principles
based simulation tools, this paper presents a machine
learning simulation model of a chiller in an office building.
For this study, the BEMS data (a chiller’s electric energy,
chiller supply water temperature, AHU return water
temperature, AHU water flow rate, etc.) were collected
from the existing office building (a total floor area:
21,577m2). The authors used a Random Forest (RF)
method, one of the machine learning techniques. Three
RF models were developed and cross-compared in this
study as follows: Model A developed with 12 variables
from BEMS data, Model B developed with the 12
variables plus 18 new variables constructed by two
arithmetic operators (a total of 20 variables), Model C
with the 12 variables plus 6 new variables constructed
based on physics-based equations (a total of 18 variables).
The CVRMSE of the three models are 8.56%, 5.44% and
4.28%, respectively.

Introduction
Energy consumed in buildings takes up more than 40% of
national energy consumption (IEA, 2013), and half of the
energy is consumed in buildings can be saved through
energy-efficient design and optimal control of building
systems (Baird, 1984). However, the current building
control is generally based on the subjective judgment,
experience and knowledge of building operators, rather
than using a dynamic simulation model.
It requires significant time and effort to develop an
accurate dynamic simulation model of building systems.
In addition, for the development of such simulation model,
there are many uncertain inputs, such as
convective/radiative heat transfer, air movement in and
around the building, etc. In the development process,
many subjective assumptions and simplifications of the
reality are also involved. This causes the issues such as
transparency, reproducibility, and objectivity of the
simulation model and its use for control and maintenance
(Ahn, 2015).
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A data-driven machine learning model can be effectively
used to imitate the dynamic behavior of building systems.
Compared to the first-principles based simulation model,
the machine learning model can be developed with fewer
inputs and less time and effort (Kim, 2016). In this study,
the authors developed a simulation model of a chiller
(1,250 kW, nominal COP 5.53) in an office building(5
floors above ground, 21,577 m2). The building’s
operational data (the chiller’s supply/return water
temperature, cold water flow rate, chiller’s electric energy
use, etc.) were collected during August. The chiller model
was constructed by random forest (RF) algorithm. Three
different RF models (Model A, B, C) were developed to
investigate the degree of model accuracy depending on
the degree of expertise and knowledge.

Random forest
Random forest algorithm has been used in various fields
for classification, clustering and regression: object
tracking (Schulter et al, 2014; Gall et al, 2009), picture
classification (Ristin et al, 2014; Bosch et al, 2007), and
corporate credit risk management (Brown et al, 2012;
Kalsyte et al, 2013), etc. The RF algorithm is a kind of
ensemble method proposed by Breiman (2001),
combining the random input selection (Amit et al, 1997)
with the bagging (Bootstrap Aggregating). The ensemble
method, a kind of machine learning methods, is used to
predict the state of a system by combining several
decision trees. The method calculates a final result by the
average of the predictions of each decision tree in the case
of regression, and by voting in the case of classification.
The development process of the RF model is shown in
Figure 1 and the process is as follows:
(1) Bootstrap sampling: From training data, n bootstrap
samples are randomly sampled with replacement
(Louppe, 2014). Each sample is used as training data
to build a decision tree.
(2) Decision tree growth: The best binary split is found
among m input variables which is randomly selected.
For each bootstrap sample, the pruning is not
performed when the tree is fully grown..
(3) Ensemble: Ensemble n decision trees and construct
them as one random forest model. When new data are
used to the model, each decision tree calculate the
prediction and random forest output is an average of
all predictions.
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(5) Variable Importance (VI): VI is an index that
measures whether the input variable is used as an
important classifier in the model, using the permuted
OOB data (Equation 2). 𝑌𝑗,𝑝 is a predicted value of the
jth input variable, 𝑌𝑗 is a predicted value of the jth input
variable, 𝜎 is a standard deviation. VI measures how
well each input can predict the output.
VI =

𝑂𝑂𝐵𝑀𝑆𝐸(𝑌𝑗,𝑝 ) − 𝑂𝑂𝐵𝑀𝑆𝐸(𝑌𝑗 )
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wrapper. The ‘filter’ method selects input variables
independently from the model (Figure 2(a)), while the
‘wrapper’ method, as inferred by its name, selects input
variables inside the model (Figure 2(b)). The latter
method takes more computation time, but provides better
performance in variable selection. In this paper, the
authors used the ‘wrapper’ method.
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(4) OOB MSE: Out-of-bags Mean Squared Error (OOB
MSE) is generated from OOB samples (Equation 1).
𝑁𝑡,𝑂𝑂𝐵 is a data size of the tth decision tree, 𝑌𝑡,𝑂𝑂𝐵 is an
observed value of the tth decision tree, 𝑌̅𝑡,𝑂𝑂𝐵 is a mean
of a predicted value of the tth decision tree. About 37%
of the training data are not included in the bootstrap
sample and extracted as OOB sample. The user can
verify whether the appropriate number of decision
trees are generated or not with the convergence of
OOB error rate.
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Figure 2: Variable selection

Target building and chiller system
The target building, a total floor area of 21,577 m2, is an
office building located in Seoul, Korea. A Building
Energy Management System (BEMS) is installed in the
building and store relevant operation information in real
time. The stored data include the chiller’s electric energy
use, water supply / return temperature, air handling unit
(AHU) / fan coil unit (FCU) header water flow, etc. The
chiller in the target building is a compression-type chiller
and its rated capacity is 1,250 kW and nominal COP is
5.53 (Figure 3).

Ensemble

Random Forest Model

Figure 1: Modeling process of random forest algorithm

Variable construction and selection
Variable construction is necessary to generate input
variables having a significant correlation with output
variables. The generated input variables do not always
have a physical meaning (Kotsiantis et al, 2006). It is
common to randomly generate new input variables out of
raw input variables or measured data from BEMS.
After variable construcion is done, the process of
‘variable selection’ is required for RF modeling. Variable
selection reduces the size of input variables as well as
computation time by removing unnecessary variables.
Two typical methods of variable selection are as follows
(Guyon et al, 2003; May et al, 2011): (1) filter and (2)
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Figure 3: Chiller system in the target building
For this study, the aforementioned data were measured for
5 days from 00:00 on August 12th to 24:00 on August
16th at a sampling time of 5 minutes. The data measured
for the first three days (from 12th to 14th) and for the last
two days (from 15th to 16th) were used as the training
1632

data and the validation data, respectively. The data
measured for the five days are shown in Table 1.

predicted electric energy use of the chiller is 437kW (the
red line in Figure 6).

Table 1: The BEMS data
Name
y
x1
x2
x3
x4
x5
x6
x7
x8
x9
x10
x11
x12

Chiller

AHU
header
FCU
header
Cooling
tower
Weather

Measured variables
Electric energy use
Running state
Supply water temperature
Return water temperature
Return water temperature
Supply water temperature
Water flow rate
Supply water temperature
Return water temperature
Water flow rate
Supply water temperature
Return water temperature
Outdoor air temperature

Unit
kW
on/off
℃
℃
℃
℃
kg/h
℃
℃
kg/h
℃
℃
℃

Figure 4: OOB MSE of Model A

Model development
The authors used a MATLAB toolbox “M5’ regression
tree” made by M5PrimeLab (Jekabsons, 2016). In the
random forest modeling, the following parameters were
to be determined: the number of trees (n) and the number
of input variables (m) at each node. In this study, the
authors used 300 trees and the number of input variables
was set at N/3, recommended by (Hastie et al, 2008). N
means the number of the entire input variables.
Model A: 12 input variables obtained from BEMS
In Model A, 12 input variables (x1-x12, Table 1) obtained
from BEMS were used. As shown in Figure 4 as the
number of trees increases, the accuracy of the chiller
model improves. After the number of trees is close to 300,
the OOB MSE converges to 50 kW. It means that 300
trees are good enough for Model A. Figure 5 shows the
comparison between model prediction and measured data
based on the training set (August 12th to 14th). The
model’s Mean Bias Error (MBE), Coefficient of Variation
of Root Mean Squared Error (CVRMSE) and Root Mean
Squared Error (RMSE) are 0.02%, 4.61% and 3.79kW,
respectively. Figure 6 shows a part of random forest
model of the chiller’s electric energy use. For example, if
input variable x7 exceeds 19.5 and x10 exceeds 31.1, the

Figure 5: Comparison between model prediction and
measured data (training set, Aug. 12-14)
Model B: 12 plus 18 newly constructed variables
Additional 18 variables were constructed. This variable
construction was performed by randomly choosing 3
variables and 2 arithmetic operations. The 18 input
variables were added to the existing 12 input variables
(Table 2).
Table 2: Variable construction (Model B)
Name
p1
p2
p3
p4
p5
p6
p7
p8
p9

Combinations
x5 × x6 − x4
x6 ÷ x3 − x3
x4 − x2 + x6
x8 − x1 × x2
x6 × x13 − x5
x11 + x9 ÷ x6
x12 × x8 + x8
x8 ÷ x7 × x11
x11 + x8 × x10

Name
p10
p11
p12
p13
p14
p15
p16
p17
p18

Combinations
x8x × 9x − 11
x3 × x3 × x8
x2 − x4 ÷ x3
x10 − x1 + x3
x10 + x4 × x3
x8 + x11 ÷ x1
x6 − x12 − x2
x12 + x5 ÷ x2
x7 × x10 + x5

Figure 6: A part of random forest model of Model A
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Figure 7, calculated from RF method, shows variable
importance of a total 30 input variables. The newly
generated variable, p2, p15, p18, p16 are found to be the
most correlated with the chiller’s electric energy use. This
means that the simple arithmetic relation can improve the
correlation between input variables and output variables.

variables were added as shown in Table 3. The total
number of input variables are 18. The input variables of
the significant variable importance are the difference
between supply and return water temperature at the chiller
(q1), and the difference between supply/return water
temperature at the cooling tower (q6) (Figure 9).
Table 3: Variable construction (Model C)
Name
q1
q2
q3
q4
q5
q6

Figure 7: Variable importance (Model B)
In RF modeling, the authors applied the wrapper method
for variable selection as mentioned in the earlier section.
In the wrapper method, a backward variable elimination
was used. As shown in Figure 8, the MBE, RMSE, and
CVRMSE begin to increase when the number of
eliminated input variables becomes greater than 25. The
authors selected six input variables (x10, x11, p2, p15,
p16, p18) for Model B. Thus, the number of eliminated
input variables is 24. The CVRMSE of Model B is 5.44%.

Constructed variables
Chiller
𝑇𝑜𝑢𝑡 − 𝑇𝑖𝑛
AHU header
𝑇𝑜𝑢𝑡 − 𝑇𝑖𝑛
FCU header
𝑇𝑜𝑢𝑡 − 𝑇𝑖𝑛
AHU header
C×𝑚̇×(𝑇𝑜𝑢𝑡 − 𝑇𝑖𝑛 )
FCU header
C×𝑚̇×(𝑇𝑜𝑢𝑡 − 𝑇𝑖𝑛 )
Cooling tower
𝑇𝑜𝑢𝑡 − 𝑇𝑖𝑛

Unit
℃
℃
℃
kW
kW
℃

Figure 9: Variable importance (Model C)
Figure 10 shows the result of the wrapper method for
Model C. The MBE, RMSE and CVRMSE of Model C
rises begin to increase when the number of eliminated
input variables becomes 13. Model C was finally
developed with 6 input variables (x3, x4, x6, x9, q1, q6)
and the resulting CVRMSE is 4.28%.

Figure 10: Accuracy (Model C)
Figure 8: Accuracy (Model B)
Model C: 12 variables plus 6 new variables
constructed based on physics-based equations
In the process of developing Model C, the authors applied
physics-based equations to variable construction. The
chiller’s electric energy use is correlated with the amount
of heat removed from the chiller. Thus, new input
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Validation and discussion
For the validation purpose, the authors used the measured
data for the last two days out of the five days’ experiment.
As shown in Figure 11 and Table 4, all three models are
good enough for predicting the chiller’s energy use.
Model B and C use far less input variables than Model A
but both can perform satisfactorily. The newly generated
input variables for Model B (p2, p15, p18, p16) and for
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Model C (q1, q6) proved to be top 4 and top 2 variables
for Model B and C in terms of VI (Table 5). Contrary to
the author’s expectation, there is no significant difference
in MBE, CVRMSE, and RMSE between Models A, B and
C.

(a) Model A

Conclusion
For optimal control of the chiller, a simulation model was
developed by RF algorithm. The authors developed three
different models based on the assumption that as more
physical input variables are included in the model, the
model will become more accurate.
It is shown in the paper that three models can predict the
chiller system accurately. Contrary to our expectation, the
two RF models (Model B and C) with new generated input
variables perform marginally better than the model
constructed with raw data (Model A). It can be inferred
that the machine learning algorithm itself is good enough
to generate a simulation model, without requiring any
additional expertise and in-depth prior knowledge, as
indicated in the accuracy of Model A.
As a future study, application of machine learning models
to Model Predictive Control (MPC) will be sought.
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6
6
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