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Abstract 
Rule-based controls need to have a small number of nodes 
so that designers and engineers can understand, validate, 
and maintain them. This paper aims to investigate the 
relationship between the number of nodes and control 
performance. Using a case study, we found that models 
with a large number of nodes do not always have higher 
control performance. Specifically, optimal rules with a 
small number of nodes (n = 112) can achieve a 6.2% 
energy savings and an 8.8% increase in thermal 
satisfaction rate. The performance achieved is close to 
that with optimization using exhaustive search while 
maintaining high interpretability. Therefore, when 
designing optimal rule-based controls, it is important to 
investigate the relationship and select a suitable model 
based on the specific conditions or requirements of 
projects.  
Key Innovations 

• Investigating the relationship between control 
performance and model interpretability 
represented by the number of nodes for optimal 
rule-based control  

Practical Implications 
Control performance of a model does not necessarily 
increase as model complexity (number of nodes) 
increases, indicating that it is crucial to investigate the 
relation and select a fit-for-purpose model when 
designing a model for optimal rule-based control. 
Introduction 
Rule-based control (RBC) is widely used to control 
HVAC systems because of its simplicity and robustness. 
However, RBC has low adaptability to actual operation 
conditions since it comprises fixed control logics and 
setpoints (Bernard, 1988; Péan et al., 2019). In contrast, 
model predictive control (MPC) is expected to solve the 
issue of low adaptability. Since MPC optimizes operation 
in real-time based on measured data, it has the advantage 
of being adaptable to actual operation conditions. 
However, MPC has several issues during actual 
implementation (Drgoňa et al., 2020), which include 
requiring a high degree of expertise and a large amount of 
manpower. In contrast, RBC is easier to implement, 
understand and maintain.  
There have been studies which try to simplify optimal 
control algorithms based on rigorous optimization results. 

Robillart et al. (2018) developed a regression model based 
on the optimization result of dynamic programming to 
reduce calculation costs. Drgoňa et al. (2018) 
approximated an optimization result of MPC by two 
learning method, regression tree (RT) and time delay 
neural network (TDNN). They point out that although RT 
model can be easily transformed to a rule-based control, 
they have lower accuracy than more complex algorithms 
like TDNN. However, the study by Drgoňa et al. (2018) 
does not consider the number of nodes (e.g., decision 
diamonds including if-then statements) in their proposed 
simplified control logics. Specifically, the machine 
learning models developed by Drgoňa et al. (2018) have 
over eight thousand nodes. Although the logics can be 
installed as optimal rules in a rule-based control, a large 
number of nodes reduces human interpretability, which 
can be important for the validation and maintenance of the 
algorithm. Here, the interpretability refers to how easily it 
is understood and handled by humans. Thus, rules with a 
smaller number of nodes have higher interpretability. 
Consequently, from a perspective of designing rule-based 
control, it is necessary for the rules to have a small number 
of nodes (i.e., high interpretability) so that designers and 
engineers can understand, validate, and maintain them. 
Therefore, this study aims to investigate the relationship 
between interpretability and control performance of 
optimal rule-based control logic.  
The rest of this paper is structured as follows. The section 
of “Method” presents the framework used in this study 
including three steps, which are supervisory data 
generation, optimal rule extraction, and performance 
evaluation. The section of “Case study” elaborates the 
calculation conditions of a case study to investigate the 
relationship. The sections of “Results” and “Discussion” 
present the results of the case study and the relevant 
discussion. Finally, in the section of “Conclusion”, this 
paper is concluded by presenting the key findings, 
limitations, and future directions. 
Method 
Framework of this study 
Figure 1 shows the framework for investigating the 
relationship between interpretability and control 
performance. First, a supervisory dataset is generated by 
the building energy simulation engine EnergyPlus and an 
optimization algorithm. Here, it is important to include 
various operating conditions from the input database to 
generate robust rules. The supervisory dataset includes 
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hourly optimal setpoints and possible features. Second, 
the optimal rules are extracted from the dataset using 
machine learning algorithms with tree structures such as 
decision tree and random forest. The tree-like structure 
allows the easy transformation into a rule-based control 
logic. Although the machine learning model can be 
evaluated by its approximation error, how the error affects 
the control performance is still unknown. Third, the 
control performance of RBC with the generated rules 
(called Optimal RBC) is evaluated using annual building 
energy simulations. Here, the control performance is 
evaluated based on two metrics, annual thermal 
satisfaction rate and annual energy consumption. 
Additionally, performance is evaluated with the 
interpretability of the rules. In this paper, it is assumed 
that the interpretability can be represented by the number 
of nodes of the rules (i.e., complexity of the machine 
learning models). It is clear that if the rules consist of a 

large number of nodes, they will not be human 
interpretable. Although the exact upper limit of the 
number cannot be determined, it is clearly difficult to 
visualize and understand hundreds of nodes.  
Supervisory data generation 
Optimization problem 
Figure 2 illustrates the target system and operation 
strategy. The objectives are to maximize the number of 
thermally-satisfied occupants and minimize the system’s 
energy consumption as shown in Equation (1) and (2), 
respectively.  

𝑚𝑎𝑥$𝑁!"#$!%$&'&                            (1) 

𝑚𝑖𝑛$𝐸#(#") = 𝐸*)"+# + 𝐸,-./%"+ + 𝐸0&$)$+1%"+&    (2) 
where 𝑁!"#$!%$&'  is the number of occupants who are 
thermally satisfied with the thermal condition, 𝐸#(#")  is 
the energy consumption of the system, 𝐸*)"+#  is the 
energy consumption of the district cooling plant, 
𝐸,-./%"+ is the energy consumption of the supply fan of 
the DOAS, and 𝐸0&$)$+1%"+  is the total energy 
consumption of the four ceiling fans. 
Thermal comfort cannot be a constraint because there can 
be no thermal condition where all the occupants are 
satisfied due to their individual preferences. The 
optimization process sequentially takes two steps: 1) 
explore the optimization parameters that maximize the 
number of satisfied occupants, and 2) select the 
parameters that minimize energy consumption among 
them. The optimization parameters are zone air 
temperature setpoint Tasp (24 to 27 oC, seven levels in 0.5 
oC increments) and ceiling fan speed setpoint Sfsp (six 
levels from speed 0 to 5 as shown in Table 1). Simulations 
by EnergyPlus with 7 settings of Tasp are first conducted. 
Tasp and Sfsp are then optimized with hourly step 
resolution by exhaustive search. Since the original 
simulation results by EnergyPlus are calculated with a 
constant Tasp, the influence of the building’s heat 
capacity is ignored, but considered small enough.  
 
 

Figure 2: Target system and operation strategy. 
Figure 1: Framework for investigating the relationship 

between interpretability and control performance. 
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Table 1: Averaged air velocity and power of ceiling fan. 

Sfsp Averaged air velocity at 
FL+1.1 m [m/s] Fan power [W] 

0 0.07 0 
1 0.29 2 
2 0.58 6 
3 0.94 10 
4 1.37 15 
5 1.87 20 

Table 2: Summary of the experimental data. 
Items Description 

Number of subjects 26 
Number of 
feedbacks 

From 46 to 58 for each subject 
(1,353 in total) 

Range of SET* From 15.8 to 32.0 oC  
(23.3 oC on average) 

Range of thermal 
comfort 

From -2.0 to 2.0  
(0.7 on average) 

Thermal comfort model 
This study uses a thermal comfort that is derived using the 
empirical data collected from the experiments conducted 
by Mihara et al. (2019). In contrast to the traditional 
PMV/PPD thermal comfort model, we use this data 
because it considers thermal preference under varying air 
movement levels and more realistically models the 
variability in thermal preference between individuals. The 
experiment by Mihara et al. (2019) was conducted with 
26 subjects in a space that is air-conditioned by HVAC 
system of interest. Subjective feedbacks on thermal 
comfort ware collected under nine different thermal 
conditions consisting of different combinations of zone 
air temperature (24, 27, and 30 oC) and ceiling fan speed 
(0, 3, and 5). The thermal comfort scale used in the 
subjective survey ranges from -2 (very uncomfortable) to 
+2 (very comfortable), as shown in Figure 3. The statistics 
of the data are summarized in Table 2.  
In this study, individual thermal comfort is calculated by 
quadratic curves of standard effective temperature (SET*), 
as demonstrated in Mihara et al. (2019). An example of 
the curve for subject #12 is shown in Figure 4. These 
curves are convex upwards with a peak SET* indicating 
when the occupant is most comfortable. The actual 
feedbacks vary even at the same SET*. This might be 
because of the intra-individual variance (Wang et al., 
2018), which means that people have different thermal 
sensations even in the same environment. Nonetheless, it 
is likely that the curves can be used as a model to represent 
the average characteristics of each subject because the 
mean errors are small enough (less than 10-13). 
The threshold between satisfied and dissatisfied with the 
thermal condition in the first objective is 1 (“comfortable” 
in the scale shown in Figure 3). Therefore, in the 
optimization process, only the range of SET* in which 
thermal comfort is equal to or greater than 1 (referred to 
here as “comfort zone”) is meaningful. Figure 5 shows the 
comfort zones for all 26 subjects. Since the range of the 
comfort zone varies from person to person, the optimal 
thermal conditions will differ depending on the occupants’ 
preferences. For subject #1, 4, 7, 8, 11, 19, and 20, there 

is no comfort zone because thermal comfort is always less 
than 1. Therefore, their thermal comfort does not affect 
the optimization result.  
For the calculation of SET*, metabolic rate and clothing 
value are assumed to be 1.1 met (office activity) and 0.4 
clo (the average value of the experiment), respectively. 
Optimal rule extraction 
Models for calculating the optimal Tasp and Sfsp, which 
represent “optimal rules”, are generated by machine 
learning using the supervisory dataset. Python 3.7.6 is 
used for machine learning. Three types of algorithms, 
which are decision tree (DT), linear model tree (LMT), 
and random forest (RF), are used here because they have 
a tree-structure that can be easily transformed into RBC. 
For DT and RF, DecisionTree-Regressor and 
RandomForestRegressor are used from Scikit-learn 
0.23.2. For LMT, the model of Wong (2020) is used. The 
difference between DT and LMT is only the calculation 
in their leaves. DT outputs the average value of the 
training data, while LMT outputs the value calculated by 
the linear regression model at each leaf. LMT can be more 
suitable because there are often linear relationships 
between optimal setpoints and boundary conditions. For 
example, it can be expected that there is a linear 
relationship between Tasp and outdoor temperature. The 
tree depth is set between 3 and 100 for DT, and between 
3 and 10 for LMT and RF. Furthermore, the number of 
estimators is given in the range of 3 to 50 for RF. 

Figure 3: Thermal comfort scale. 
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Figure 4: An example of thermal comfort curves. 
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Figure 5: Comfort zones of the 26 subjects. 
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Performance evaluation 
The performance of optimal rule-based control (Optimal 
RBC) using the machine learning models is evaluated by 
annual simulation. Three types of control strategies are 
simulated and compared as shown in Table 3. We use two 
metrics for the control performance evaluation; annual 
thermal satisfaction rate and annual energy consumption. 
The annual satisfaction rate 𝑟!"#$!%$&'  is calculated by 
Equation (3).  

𝑟!"#$!%$&' =
∑ 3!"#$!%$&',)
*+,-
)./

∑ 301123"4#,)*+,-
)./

                    (3) 

where 𝑟!"#$!%$&' is the annual satisfaction rate, 𝑁(004*"+#,6 
is the number of occupants who are thermally satisfied 
with the thermal condition at time =	𝑘, and 𝑁!"#$!%$&',6 is 
the number of occupants at time = 𝑘.  
In addition, the number of nodes of machine learning 
models is used to measure the interpretability. 

Table 3: Three types of control strategies. 
Name Description Setpoints 

Baseline Actual 
operation 

Fixed at Tasp = 26oC & 
Sfsp = 4) 

Optimization Rigorous 
optimization 

Optimization using 
exhaustive search 

Optimal RBC Proposed 
control 

Determined by the 
machine learning models 

with tree structures 

Case study 
We conduct a simulation case study for an office space 
air-conditioned by a dedicated outdoor air system 
(DOAS) with ceiling fans (Mihara et al., 2019).  
Target space and system 
The target space is a room with a floor area of 53.7 m2 and 
a volume of 225.5 m3, and is located on the 4th floor in the 
School of Design and Environment 4 (SDE4) building at 
the National University of Singapore (NUS). Although 
the actual space use is a seminar room, it is treated as an 
office space in this study. As shown in Figure 6, there are 
four ceiling fans and four occupants under each ceiling 
fan. Following the assumptions of EnergyPlus, it is 
assumed that the zone air temperature is well mixed and 
uniform across groups one to four. Therefore, only the air 
movement differs across the four groups. It is also 
assumed that the four occupants belonged to a group 
receiving the same air velocity, and there is no 
interference of air movement across groups. Therefore, 
each ceiling fan speed needs to be controlled by 
monitoring only the thermal comfort of each group of 
occupants. On the other hand, zone air temperature needs 
to be controlled considering the thermal comfort of all 16 
occupants. 
The target space is air-conditioned by a DOAS as shown 
in Figure 2. The system has the design air flow rate of 
2,025 m3/h and operates at cooling mode throughout the 
year, utilizing chilled water provided from a district 
cooling plant. In actual operation, the zone air 
temperature setpoint (Tasp) is constant at 26 oC, and the 
ceiling fan speed setpoint (Sfsp) is constant at speed 4 
where the estimated air velocity is 1.37 m/s. The zone air 
temperature is controlled by the variable speed drive of 
the DOAS fan. When the rotation speed reaches the upper 
or lower limits, the off-coil temperature is reset to satisfy 
the zone temperature setpoint. 
On the other hand, the target operation strategy is 1) to 
collect the physical measurement data and the subjective 
feedbacks on thermal comfort via IoT devices, and 2) to 
optimally control the zone air temperature and ceiling fan 
speed based on the thermal preferences of occupants who 
are present in the space at that time. The thermal 
preference dealt with here is an individual characteristic 
that does not change in a short period, and is not a 
characteristic that depends on the activity at that time or 
immediately before. Therefore, once a certain amount of 
data is collected, the characteristic of the individual can 
be determined.  
Building energy simulation model 
The target space is a room on the 4th floor, but the entire 
SDE4 building is modeled using EnergyPlus ver 9.20 as 
shown in Figure 7. EnergyPlus models only the building 
with the air-conditioning system (DOAS), while the DC 
plant, ceiling fans, and thermal comfort are separately 
calculated. The equivalent energy consumption of the DC 
plant 𝐸*)"+# is calculated by dividing the cooling coil load 
by a minimum efficiency of 0.6 kW/RT (COP = 5.86) 
with the university DC plant. The energy consumption of 

Figure 6: Plan layout of the target space. 
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Figure 7: EnergyPlus model visualized by 
DesignBuilder. 
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the ceiling fan 𝐸0&$)$+1%"+ is calculated by an approximate 
expression based on the specification data provided by the 
manufacturer. For the air velocity in the occupied area 
used to calculate thermal comfort, an approximate 
expression of the average air velocity at FL+1.1 m is used 
based on the experimental result by Mihara et al. (2019). 
The values used for this study are shown in Table 1. The 
EnergyPlus model has been compared and verified with 
measurement data, and the parameters have been adjusted.  
Input conditions for supervisory data generation 
To generate supervisory data for machine learning, it is 
desirable to prepare data that is realistic and 
representative of actual operating conditions. Here, 
outdoor conditions (outdoor air temperature and global 
horizontal radiation), occupancy, plug load, and 
occupants’ thermal preferences are considered as 
parameters that particularly affect the two objectives. 
Regarding the outdoor conditions, as shown in Figure 8, 
typical four days are selected based on the combination of 
the daily cumulative solar radiation and the daily 
averaged outdoor air temperature from IWEC (Changi 
airport, Singapore). Even four days can cover many 
combinations of solar radiation and outdoor air 
temperature that occur through a year. The occupancy and 
plug load are given in three levels during HVAC 
operation hours from 7:00 to 19:00; 4, 8, and 16 persons 
for occupancy and 4, 8, and 16 W/m2 for plug load. The 
lighting power is constant at 4 W/m2. From the above, the 
calculation conditions of EnergyPlus are 36 cases by 
multiplying four outdoor conditions, three levels of 
occupancy, and three levels of plug load. 
Also, various combinations of occupants’ thermal 
preferences are considered by randomly selecting 16 
occupants from the above 26 subjects. Here, a random 
selection of 16 people from 26 people without repetition 
is performed 10 times, and optimization is performed for 
each combination.  
In this way, supervisory data for 12 (HVAC operation 
hours per day) × 36 (days) × 10 (combinations of 
occupants) = 4,320 hours are generated. Each record 
contains optimal Tasp and Sfsp, outdoor conditions, indoor 
conditions, internal gains, and subject numbers.  

Feature selection for optimal rule extraction 
Since features have a great influence on the performance 
of the machine learning model, its selection is important. 
In particular, because the individual thermal preference 
should significantly impact the optimal setpoints in this 
study, it is important how to represent the thermal 
preference of a group of occupants as features. For 
example, although subject numbers themselves could be 
the features, the generality of the model would be lost, and 
it would be impossible to deal with people different from 
the 26 subjects in the experiment. Here, based on the 
concept of the comfort zone shown in Figure 5, two values 
representing the group thermal preference are defined as 
the features of Tasp and Sfsp models. 
First, SETgroup is defined as a feature of Sfsp model. 
SETgroup is the upper limit of the “group comfort zone” 
where the comfort zones of the occupants (up to 4 people) 
under a ceiling fan overlap. It is clear that the number of 
satisfied occupants in a group is always maximized within 
the group comfort zone, and the energy consumption is 
minimized at the upper limit. This is because increasing 
SET* means reducing the ceiling fan speed and energy 
consumption. Therefore, it can be expected that SETgroup 
is critical in Sfsp model. 
Second, SETspace is defined as a feature of Tasp model. 
SETspace is the minimum value of SETgroup of four 
ceiling fan groups. The ceiling fan speeds can adjust the 
difference in thermal preferences between groups, but if 
Tasp exceeds the air temperature where SET* is equal to 
SETgroup at the maximum ceiling fan speed, at least one 
occupant becomes dissatisfied. Therefore, it can be 
expected that SETspace is critical in Tasp model. 
Figure 9 shows an example of SETgroup and SETspace for 
the combination of occupants used in the performance 
evaluation simulation. This figure demonstrates the case 
where all 16 people are present in the space, but in reality, 

Figure 8: Daily global horizontal radiation vs. 
outdoor temperature from IWEC Singapore. 
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Figure 9: An example calculation of SETgroup 
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SETgroup and SETspace hourly change depending on their 
presence. In this example, SETgroup of Gr.1, 2, 3, and 4 
are 23.0, 26.6, 25.3, and 20.8 oC, respectively, and 
SETspace is 20.8 oC. It can be seen that occupant #14 of 
Gr.4 is dissatisfied when the zone air temperature exceeds 
the temperature where SET* is equal to 20.8 oC at the 
maximum ceiling fan speed (here, around 26 oC).  
Based on the above, SETspace, outdoor air temperature, 
and internal gain are used for the features of Tasp model, 
and SETgroup and operative temperature are used for the 
features of Sfsp model. The internal gain is calculated by 
adding occupant sensible cooling load, plug load and 
lighting power. The occupant sensible cooling load is 
calculated by multiplying the number of occupants by 60 
W/person. The operative temperature is the average of 
zone air temperature and radiant temperature. The 
selected features were finally determined through trial and 
error to select the minimum required features while 
keeping model accuracy. For example, the zone air 
temperature was initially used as a feature of Sfsp model. 
However, the model error became large in the 
performance evaluation simulation because the model did 
not consider the radiation environment, resulting in 
insufficient thermal comfort. Therefore, the operative 
temperature was finally selected for a feature of Tasp 
model.  
Calculation conditions for performance evaluation 
Annual simulations are conducted at 1-hour intervals with 
IWEC weather data of Singapore. HVAC operation hours 
are from 7:00 to 19:00 on weekdays. The plug load is 
16W/m2 at maximum with the schedule for office spaces 
from ASHRAE Standard 90.1 (ASHRAE, 2019). The 
lighting power is constant at 4 W/m2 during HVAC 
operation hours. A combination of 16 occupants with 
different thermal preferences is selected from the 26 
subjects as shown in Figure 9. The occupancy schedule is 
calculated by Occupancy Simulator (Chen et al., 2018) to 
give changes in SETgroup and SETspace close to the actual 
operation. Since this simulator can generate annual hourly 
occupancy schedule of each occupant, various 
combinations of thermal preferences occur. For the 
settings of the simulator, “arrival time” is 8:00 +/- 30 min, 
“departure time” is 18:00 +/- 30 min, “lunch time” is 
12:00 +/- 30 min, “duration” is 30 min +/- 15 min, 
“average use time percentage” is 70% for own office and 
30% for outdoor, and “average stay time” is 60 min for 
own office and 20 min for outdoor. Figure 10 shows the 
hourly number of occupants in the space on weekdays. 
The setpoints of the baseline for comparison are set to 
Tasp = 26 oC and Sfsp = 4 according to the actual operation. 
Compared to general operation conditions of offices in 
Singapore, this setting has a higher temperature setpoint 
by providing air movement, so significant energy savings 
can be realized. Mihara et al. (2021) report that the energy 
saving is 25.8% to 29.6% compared to the setting of 24°C 
without air movement. Therefore, it should be noted that 
the optimization conducted in this study aims to further 
save energy and improve thermal comfort from the 
current highly efficient operation. 

Results 
Result of optimal rule extraction 
Machine learning is performed using 75% of the 
supervisory data as training data and 25% as test data. 
Figures 11 and 12 show the test results of Tasp model and 
Sfsp model. The horizontal axis is the number of nodes in 
each model. Both Tasp model and Sfsp model have similar 
results, and RF has the smallest test RMSE (root mean 
square error), but the number of nodes is quite large, 
hundreds or more. On the other hand, because LMT has 
relatively high accuracy with a small number of nodes 
while RF model has a relatively large error with a small 
number of nodes, it can be said that LMT has higher 
interpretability. However, since the impact of these errors 
on the control performance cannot be quantified from this 
result alone, these models are evaluated based on the 
annual simulation results in the next section.  
Result of performance evaluation 
Figure 13 shows the annual energy consumption (per 
floor area) and annual satisfaction rate for 11 cases. The 

Figure 10: Boxplot of hourly number of occupants. 
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Figure 12: Test RMSE of Sfsp models. 
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cases of DT, LMT, and RF mean Optimal RBC using the 
machine learning models. The numbers after DT and 
LMT represent the tree depth. Optimal RBC uses models 
with the same structure for both Tasp and Sfsp models (for 
example, in the case of DT3, both Tasp and Sfsp models 
use DT models with a depth of 3). Both the tree depth and 
the number of estimators for the RF model are 10. In 
addition, "n" shown in the figure indicates the total 
number of nodes in Tasp model and Sfsp model.  
Compared to the baseline, the increase in energy saving 
and satisfaction rate are 6.2% and 9.8% for 
“Optimization”, and 4.5 to 6.8% and 4.8 to 9.1% for 
Optimal RBC, respectively. Since optimal RBC 
approximates “Optimization” which is a truely optimal 
solution, its performance is always inferior to 
“Optimization”. In some cases, the energy saving is 
higher than that of “Optimization”, but the satisfaction 
rate is lower. Among Optimal RBC cases, only DT3 is 
slightly different, but the others have a similar 
performance despite the difference in their test RMSE. 
This suggests that the model does not necessarily require 
a large number of nodes to achieve high control 
performance even though the model accuracy increases as 
the number of nodes increases.  
Figure 14 shows the histograms of both setpoints. Tasp 
has two peaks at 25.5 °C and 27 °C.  Although 27 °C is 
an energy-saving setting, it seems to be set to 25.5 °C 
when there are occupants with lower comfort zones. Sfsp 
has a peak at speed 1, which is an energy-saving setting, 
but speed 5 accounts for 13.6% for occupants with lower 
comfort zones.  
From the above, although the high-performance operation 
has already been achieved in the existing building, it is 
possible to achieve further energy saving and higher 
thermal comfort by controlling Sfsp and Tasp considering 
the occupants’ thermal preferences  
Discussion 
Figure 15 illustrates the energy saving and the increase in 
satisfaction rate on a two-dimensional map. The figure 
suggests that the control performance does not necessarily 
increase as the number of nodes increases. This might be 
because of the bias-variance tradeoff (Mehta et al., 2019). 
A model with high complexity could have poorer 
performance than a model with lower complexity due to 
overfitting. Likewise, a similar relationship between 
model complexity and prediction error was observed and 
discussed in Zhan and Chong (2021). Although a more 
complex model can describe an actual phenomenon more 
precisely, the higher complexity could result in an 
increase in uncertainty due to a rise in the number of 
parameters in the model. Consequently, the relationship 
between interpretability and control performance must be 
investigated so that a well-balanced model for optimal 
rule-based control is selected. Specifically, the project 
conditions or requirements should also be considered 
during the investigation. 
In addition, it can be seen that LMTs have well-balanced 
performance for the two objectives compared to DTs and 
RF. This may be because LMTs can capture relationships 

between the optimal setpoints and features better than 
DTs and RF by linear regression models at the leaves. In 
terms of balance between the two objectives, LMT5 (n = 
112) seems to have the highest performance, which 
achieves a 6.2% energy savings and an 8.8% increase in 
satisfaction rate. In this case study, the models even with 
a small number of nodes such as LMT5 (n = 112) and 
LMT3 (n = 30) have similar performance to 
“Optimization”. Figure 16 shows the structure of Sfsp 
model with LMT3. As can be seen in the figure, it is 
clearly possible for designers and engineers to understand 
the structure as well as the meaning of each conditional 
branch. For instance, the first diamond branches at 
SETgroup = 23.0 oC. According to Figure 9, this means 
that the model judges if there is an occupant with a lower 
comfort zone (i.e., #3 of Gr.1 or #14 of Gr.4 in this case) 
in a group. It can be interpretable for humans because we 

Figure 13: Energy consumption and satisfaction rate. 

70.0 65.6 65.2 65.4 65.7 66.8 66.2 65.9 65.6 66.6 66.5 

69.2 

79.0 
74.0 

77.2 77.4 78.3 78.3 77.9 78.1 78.0 78.1 

20

30

40

50

60

70

80

90

0

20

40

60

80

100

120

140

Baseline

O
ptim

ization

DT3 (n=30)

DT4 (n=62)

DT5 (n=118)

DT7 (n=340)

LM
T3 (n=30)

LM
T4 (n=58)

LM
T5 (n=112)

LM
T7 (n=344)

RF (n=8,988)

Sa
tis

fa
ct

io
n 

ra
te

 [%
]

En
er

gy
 c

on
su

m
pt

io
n 

[k
W

h/
m

2 y
r]

75.0 
79.0 

72.6 74.1 
78.6 77.7 77.8 78.2 76.0 77.7 77.7 

20

30

40

50

60

70

80

90

0

20

40

60

80

100

120

140

Baseline

O
ptim

ization

DT3 (n=30)

DT4 (n=60)

DT5 (n=112)

DT7 (n=340)

LM
T3 (n=30)

LM
T4 (n=62)

LM
T5 (n=120)

LM
T7 (n=366)

RF (n=6,054)

Sa
tis

fa
ct

io
n 

ra
te

 [%
]

En
er

gy
 c

on
su

m
pt

io
n 

[k
W

h/
m

2 y
r]

Plant DOAS fan Ceiling fans Satisfacation rate

                (a) Tasp                                  (b) Sfsp 
Figure 14: Histogram of the two setpoints. 
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can imagine that Sfsp should be lowered in such a situation. 
Therefore, it can be said that the control logic has high 
interpretability for designers and engineers to understand, 
validate, and maintain.  
Conclusion 
This paper investigates the relationship between 
interpretability and control performance for optimal rule-
based control through a simulation case study for a system 
that controls two variables of zone air temperature and air 
movement. The result shows that models with a larger 
number of nodes do not necessarily have better control 
performance. Therefore, when designing for optimal rule-
based controls, it is important to investigate the 
relationship and then select a fit-for-purpose model based 
on the specific conditions or requirements of the project.  
In addition, Optimal RBC with the best performance can 
achieve a 6.2% energy savings and an 8.8% increase in 
thermal satisfaction rate, while a rigorous optimization 
can achieve 6.2% and 9.8%, respectively. Although the 
performance of Optimal RBC is slightly inferior to the 
rigorous optimization, it is found that Optimal RBC can 
have similar performance even when the number of nodes 
is around or less than 100, meaning that it has high 
interpretability for humans as well as high control 
performance.  
There are still many unanswered questions about the 
application of optimal RBC in practice. Further research 
should be undertaken to investigate the impact of model 
accuracy on control performance and the validation of the 
performance of optimal RBC in actual field experiments. 
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Figure 16: The structure of Sfsp model with LMT3. 
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