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Abstract
In Hong Kong's Smart City Blueprint, promoting'Green and Intelligent Buildings, and Energy Efficiency'is one of the
most important initiatives. The Hong Kong University of Science and Technology (HKUST), as the leading university
in Hong Kong, has been working for years to build a better, smarter and greener campus. Keeping in line面th the
sustainable smart campus initiative, this project seeks to enable the Facilities Management Office to make better
decisions in tenns of balancing the trade-off between human comfort and energy efficiency by optimizing the automatic
controls of the existing heating, ventilation and air-conditioning (HVAC) systems. The Enterprise Centre (Lecture
Theatre J) was used as a pilot project, where the HVAC controls and sensor data were studied to identify potential
energy saving controls that can be implemented followed by some Computation Fluid Dynamics (CFO) analysis to
ensure that the recommended controls do not compromise on human comfort. This is how this report will be
demonstrating how by integrating Building lnfonnation Modelling (BIM) and Internet of Things (loT), smarter HVAC
controls can be implemented.
Besides that, this report also discusses how future user activity can be predicted and an occupancy-based control can be
implemented. We also developed a web-based graphical user interface for the BMS to show what an integrated platfonn
would look like. Our results are based on inputs received from the Facility Management Office (FMO) as well as data
collected from the Student Affairs Office (SAO) at IIKUST.
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1 Introduction
Society faces an overwhelming number of urgent issues related to global warming, as a result of increasing carbon
footprint caused by higher energy consumption. The global buildings sector is particularly under scrutiny as it consumes
30% of total energy consumption and produces nearly 40% of total direct and indirect !"% emissions [1]. More
importantly, Facility Management (FM) contributes up to 85% of the cost budget throughout a building’s life cycle [2].
Although less in developed countries, inefficiencies during operation and maintenance results in a loss of nearly twothirds of the estimated cost [3]. This most likely is result of the challenging task faced by facility managers all over the
world as they try to balance occupant comfort and energy consumption, where comfort and energy savings are often
inversely related.
Currently, facility managers balance this trade-offs by automating the building systems to maintain a constant
temperature and maximized ventilation conditions during the day despite the space, function and usage of the facilities,
and then power down during off-hours. While this has some energy savings, it often leads to an uncomfortable
environment and wastage of energy. Instead, a more rigorous approach can be considered with the growth of Internet
of Things (IoT) infrastructure and Building Information Modelling (BIM) technology.
The Facility Management Office (FMO) at HKUST also faces the same problem. Hence, keeping in line with the
sustainable smart campus initiative at HKUST we have conducted this research to assess how BIM and IoT can be
integrated to improve facility management on campus. The main idea is to leverage the complementary strengths of
BIM and IoT technology and propose an advanced BMS for facility management (FM). This project focuses on two key
aspects of the integration which are decision-making using machine learning models and the user interface of the BMS.
This type of an integrated platform will be able to provide more real-time information from the source, enable better
visualization of the data; thus, consider the level of activity, room function and surrounding environment while
implementing the HVAC controls. Such an interface would make the monitoring and analysis process easier for the
FMO and facility managers all over the globe. An example of the graphical user interface (GUI) for such a platform is
shared in this project.
As a pilot project, to demonstrate the benefits that can be derived from such an integrated platform, data from existing
sensors for the Enterprise Centre, popularly known as Lecture Theatre J, was studied to identify potential energy saving
controls that can be implemented. A BIM-model for the same was also made available which was then used to conduct
some Computation Fluid Dynamics (CFD) analysis to ensure that the recommended controls do not compromise on
human comfort.
This report starts with the research methodology and development, which explains the work we did to get a better
understanding of the problem at hand and how a conceptual flowchart has been developed to address the integration of
BIM, IoT and BMS. Brief input on some software tools that can assist with the integration have also been discussed
here. Two critical topics were introduced and demonstrated, namely Machine Learning and Graphical User Interface.
This is followed by the case study conducted on the Enterprise Centre.
This research will not only benefit the facility managers by enabling a more efficient FM process and user-friendly user
interface (UI) but will also favour the facility users by providing a better managed smart campus environment if
implemented fully and on a larger scale.

2 Research Methodology and Development
This section of the report discusses the process used to identify the appropriate framework for integration of BIM and
IoT to building management systems and how we intended to demonstrate its application. It has been divided into three
stages; which are conducting background research, developing the model and setting up the demonstration of the critical
aspects for the model.

2.1 Conducting Background Research
To best integrate BIM and IoT into facilities management, it was necessary to conduct some background research and
understand what is currently lacking in the existing building management systems. This was done by conducting
qualitative face-to-face interviews with various facility managers at Hong Kong University of Science and Technology
(HKUST). It was also necessary to look into prior research papers on BIM-based IoT, FM-based IoT as well as the
current research on Project Dasher, as has been explained in the literature review, to gain insights into the difficulties
faced through the integration process. In this stage, we also tried to identify some basic software tools that can be
instrumental in integrating BIM and IoT.
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2.1.1 Interviews with Facilities Management Office at HKUST
This was done by organizing interviews with the Facilities Management Office at Hong Kong University of Science
and Technology (HKUST). We had three meetings; one with Mr. Tom Chui and Mr. Tom Lui and two other meetings
with Mr. Kin Ming Chui.
In the first meeting, we learnt about the operation of the building facilities, primarily the heating, ventilation and airconditioning system at HKUST. The HVAC system at the old HKUST sports hall is a centralized system where water
is cooled from 12°C to 7°C before being circulated to the Air Handling Unit (AHU). In the AHU, warm air (24°C, as
determined by temperature sensor) from the various rooms are absorbed through another channel of air ducts and the
cooled water cools the air from 24°C to 15 or 16°C before releasing it into the sports facility. The water becomes
warmer and is now at 12°C when it is returned to the chiller. Water from the sea is 22°C, and heat transfers from low
temperature to high temperature, thus to transfer the heat from the 12°C water, the chiller induces low pressure
conditions to enable the heat transfer. Eventually, the sea water is released at 60°C, as per the permitted discharge level.

Figure 2-1 Chillers and Air Handling Unit (AHU) at HKUST
We were informed that in the centralized system, cool air is supplied at a pre-calculated air flow for the room the variable
air volume (VAV) HVAC system. Unlike constant air volume systems which supply a constant airflow at a variable
temperature, VAV systems vary the airflow at a constant temperature. Manual dampers are used to moderate the air
flow. A damper is a valve or plate that stops or regulates the flow of air inside a duct, chimney, VAV box, air handler,
or other air-handling equipment. The speed of the variable speed motor in VAV systems can also be reduced or increased
to control the temperature of the room and manage the energy consumption. For this study, we assume that either
dampers or variable speed motors can be controlled to cut the supply of cool air to the positioned air ducts.
Another important criteria to monitor alongside the airflow is the!"% levels for the room. There must be minimum
ventilation in a room and as a rule of thumb 7 l/s/person of fresh air is used to calculate the adequate ventilation. This
number is determined from the acceptable level for indoor !"% which is 1000-1010 ppm. Carbon dioxide levels outdoors
is at 400 ppm in comparison. In most cases, minimum ventilation for the total capacity of the rule is used. For example,
if the room can seat 20 people, then the constant ventilation required and supplied will be 140 l/s/person, even if only
one person is in the room. This puts a lot of load on the HVAC system. It must be noted that by simply controlling the
fresh air damper, outside cool air can be moderated to reduce the load on the HVAC system, thus reducing energy
consumption especially in winters. Such considerations can be incorporated in the proposed setup above, but for
simplicity we have decided not to consider this.
In the other two meetings with Mr. Kin Ming Chui, we received a lesson on the function and general operation of the
BMS system on campus, problems faced by his team as they attempt to improve the energy efficiency as well as a lesson
on the building management software - Delta Navigator.
We were informed how the BMS manages the operation of the air-conditioning system and lighting for the corridors,
in addition to the monitoring of alarms for flooding, trip or fault alarm for motors, filter alarm and AC backer trips. The
BMS also monitors the energy usage (excluding power for cooling water) for different zones both monthly and daily.
Mr. Kin Ming Chui and his team then work towards identifying ways to compare the energy usage to make better
judgement for the operation of different zones, for example they compare energy /m^2 for different zones. They also
attempt to identify ways to achieve higher standards of energy saving. The most recent example was the shift to LED
tubes which not only provided energy savings by 60% but also reduced maintenance costs as they run for 30000-50000
hours (old tubes ran only for 8000- 9000 hours). Their process of approaching such decisions (deciding whether to
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switch all tubes to LED tubes or adjusting the programmed commands for the systems) involves selecting a particular
zone to experiment on and observe the baseline energy consumption with the current equipment programming. After
analysing the baseline situation, they work towards implementing the change and then compare the new energy data
with the baseline to determine whether the change should be implemented in other zones.
We also understood that the sensors measure supply air temperature, room temperature and outdoor air temperature.
The sensors are controlled by direct digital control (DDC). DDC also helps to control the fresh air damper and cooling
fan (on/off operation primarily) based on the programming for the unit (where a set-point has been set) and the returning
sensor information.
Some of the critical problems faced by the facility management team are identifying appropriate parameters to measure
and compare on the basis as well as identifying patterns from the data as all the information is very scattered which Mr.
Chui explained once again in the second meeting as he showed us the Delta Navigator.
Figure 2-2 is the user interface for the Delta Navigator. Operating within the BACnet protocol, all the routers and devices
have been labelled according to the location, which has been coded as the level, followed by lift number and lecture
theatre or room number. Each router connects to 99 devices and when each device is uploaded, new objects must be
created within it to operate its functions. Objects that are created are either standard objects, non-standard objects, device
objects or object properties like present value, alarms, name and status.
The data from the system is stored only for 100 points per batch and following first-in first-out (FIFO), the first data
point is then sent to the historian for storage. Thus, only data for 100 points can be accessed at a time from the DDC.
The two figures below show the air-flow map for the AHU units in LTJ. While this screen is slightly more graphical
and user friendly, there are many inputs that need to be done by the facility managers to reach this page. Moreover, most
of the controls are set manually based on human judgement and calculations. We believe that this is not the best way to
be controlling the system to increase efficiency and balance human comfort. Thus, it is worthwhile exploring machine
learning to identify patterns that can then be included in the settings/ controls.

Figure 2-2 Visualized the AHU for LT-J and various set-points (Supply Air Temperature) for automated control

Figure 2-3 Automatic on/off schedule for the AHU
Figure 2-3 shows the calendar setting for the automatic on/off operation for the AHU. The light green parts are the
regular settings based on the regular operation controls. In case of additional bookings, a facility manager has to input
the booking details manually through this screen.
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Figure 2-4 Positioning of Variable Air Volume sensors in the Enterprise Center
Figure 2-4 is an image of the real time details for the information from the Variable Air Volume sensors. Although, this
screen is easy to visualize, it is very difficult to access historical data of the sensors from this screen or even understand
the operating commands of the VAV system from here.

2.2 Setting Up the Machine Learning Model and Graphical User Interface
2.2.1 Machine Learning
The Cross-industry standard process for data mining (CRISP-DM) model was modified to include a data collection
stage between business understanding and data understanding and then used. Also, instead of business understanding,
we think it would be more appropriate to title it as “Purpose Understanding” as in this step the intent was to understand
the objective of implementing machine learning. It is the step where we define the problem at hand and try to solve it
using the data available.
In our research, we have undertaken the steps of Purpose Understanding, Data Collection, Data Understanding, Data
Preparation, Modelling and Evaluation; followed by returning to the Purpose Understanding. These steps have been
explained in detail. Given the limited time for this research, we were unable to see through the entire results until
Deployment.
2.2.1.1 Purpose Understanding
Our purpose of implementing machine learning to facilities management is to use historical information on user activity
to predict future user activity for the sports hall. Based on the predicted usage of the sports hall, we intend to generate
commands to optimize the operation of the HVAC system.
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Figure 2-5 shows the overall flow within the ‘Machine
Learning’ part. To achieve the objectives of energy
optimization, understanding the relationship of user
activity level with the temperature change is very
important. However, for a place like sports hall, the
variance in user activity level across time might be large.
Therefore, in order to find the underlying pattern, machine
learning is used in Stage 1 to train a model that can predict
the change in user activity level under different conditions.
We used the existing data from the old sports hall. User
activity here is defined as the number of users in
basketball court and badminton court respectively. As the
target variable is clearly a numerical variable, supervised
learning using regression learners was used. There are 3
other attributes, which might affect the incentives of users
to go to the sports hall. The categorical attributes are
‘Time (one-hour time slot from 9 am to 10 pm, eg. 10:00
- 11:00)’ and ‘Day (Weekday, eg. Monday)’. The
numerical attribute is ‘Temperature’ in degrees Celsius.
After the development of the model, the number of users
in the sports hall in the future can be predicted by inputting
the above attributes.
Figure 2-5 Stages in Machine Learning
In Stage 2, as the relationships among time, temperature
change rate, the user activity level, initial temperature, humidity and the number of operating air-conditioners would be
the key concern. Unsupervised learning would be used to develop the association rules. Further data collection would
be needed for this stage. The sensor information (temperature, humidity and etc.) and the predicted user activity level
from Stage 1 could be the inputs to generate several sets of values of temperature change rate and the number of
operating air-conditioners from the association rules developed in Stage 2. Then Stage 3, by using Microsoft Solver, we
could determine which set could optimize the user thermal comfort with minimum energy usage.
2.2.1.2 Data Collection
Meeting with Student Affairs Office
To demonstrate how the building management system can be optimized according to user activity, we needed to obtain
data on user activity for the old sports hall. Hence, we had a meeting with the staff in the Student Affairs Office (SAO).
We found out that a head-count is conducted hourly every day. Although the layout of the sports hall is divided into 6
individual badminton courts and 2 half basketball courts, the data is recorded for the full basketball court and all the
badminton courts respectively. While it would have been best to get information for a longer time period, we could only
receive the data from the first week of every month in the semester of 2018 Spring (Feb-May 2018), the first week of
winter break (Jan 2018) and one day of public holiday (Buddha’s Birthday, 17th October 2018). This was because of
the information being collected manually and inputted in pen and paper.
Survey Conducted
In order to include the user comfort level into the data mining process, we have conducted a Sports Hall User Comfort
Level Survey. The survey was sent to HKUST students. In the survey, we would like to collect data regarding the time
periods (0900 - 2200 hours, in an hourly interval), the day (Sunday to Saturday), the month (January to May or October)
and the type of sports (badminton or basketball) engaged in from the respondents. They were also required to rank the
comfort level of the sports hall from 1 to 5, representing from too cold to too hot. We did also ask for their observation
about the numbers of people in the same field, which is for our purpose to match with the user numbers from SAO.
2.2.1.3 Data Understanding
Data collected was visualized in Azure for better understanding. Figure 2-6 shows that the badminton courts are more
frequently used and with more number of users. The frequency of 0 users are high in Basketball Fields. This indicates
the machine learning model might tend to underestimate the number of users playing basketball due to the heavy
weighting of 0.
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Figure 2-6 Number of users in Basketball Field A-B and Badminton Field 1-6
2.2.1.4 Data Preparation
Data were manually input to a CSV file for the convenience of data mining. There were no missing data. After scanning
through the data, we did not find any unreasonable outliers. For Linear Regression Model, ‘Time’, ‘Day’ and ‘Month’
were transformed into binary dummy variables using one-hot encoding. Because a coefficient need to be assigned to
each attribute when developing the linear equation. However, for the other two models using Decision Tree, there is no
need for one-hot encoding as they are originally classifiers. Those 3 features are thus simply defined as categorical
variables by using ‘Edit Metadata’ function in Azure.
2.2.1.5 Modelling
Given the problem statement of
predicting user activity, two models
were built for predicting the number
of users in the badminton courts and
the number of users in the basketball
court respectively as regression
model only accept 1 target variable.
Thus, different learners were applied
using number of badminton court
users as the target variable where the
other remaining variables of ‘Time’,
‘Temperature’, ‘Day of Week’,
‘Month’ and ‘Number of users in the
basketball court’ would be inputted.
Same approach was taken for
predicting basketball court users.
“Linear Regression,” “Decision
Forest Regression,” and “Boosted
Decision Forest Regression” were
identified as appropriate learners to
test for prediction.

Figure 2-7 Azure algorithm using the 3 learners chosen

Linear Regression
Linear regression is a common statistical method, which has been adopted in machine learning and enhanced with many
new methods for fitting the line and measuring error. In the most basic sense, regression refers to prediction of a numeric
target, in our case the number of users for badminton and then basketball. Ordinary least squares method was used for
this linear regression model instead of the gradient descent approach. An L2 regularization weight of 0.001 was used as
per recommendation to prevent overfitting.
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Decision Forest Regression
According to an explanation from Azure Studio, this regression model consists of an ensemble of decision trees where
each tree outputs a Gaussian distribution as a prediction. An aggregation is performed over the ensemble of trees to find
a Gaussian distribution closest to the combined distribution for all trees in the model.
Decision Forest Regression uses a “Bagging” resampling method for selection of data points the training process. The
data are randomly selected with repetition for creating n datasets with equal number of data, where n is the number of
decision trees. The parameter was tuned by ‘Tune Model Hyperparameter’ function in Azure to minimize the error and
use the best parameters.
Boosted Decision Tree Regression
Boosted decision tree regression takes advantage of feature overlap or interaction among features. The whole dataset is
used for training using the same learner for several iterations. For each iteration, based on the errors of previously
generated decision trees, the learner adjusts the weighting of certain variables for the next decision tree. Learning rate
suggest the percentage of reference from previous model. Thus, the final decision tree generated provides the best results
for prediction. Again by ‘Tune Model Hyperparameter’, best parameters were used.

2.2.2 Graphical User Interface
A Graphical User Interface (GUI) is developed to illustrate the idea of the integrated BMS. The interface is web-based,
which means it can be accessed through internet, even when the facility managers are not in their office. Technicians
can also refer to the building model on site using iPad. Considering the cyber security, only users who are registered in
BMS can log in to access the information. Each facility manager will have a individual account. The interface also
allows multi-user access at the same time.
After user logged in, there is a dashboard showing all facilities. For each facility, there are 5 main parts, namely ‘Sensor
List’, ‘Sensor Location’, ‘Sensor Plot’, ‘Control’ and ‘Energy Report’. ‘Sensor List’ shows the list of names of the
sensors, which can be filtered by floor or by sensor type, with the Revit model at the left side. When the user clicks on
the sensor name, it will direct him to ‘Sensor Plot’ page, showing the location and detail readings of the sensor as shown
in Figure 2-8. ‘Sensor Location’ shows the locations of all sensors on the Revit model. All sensor icons have hyperlink
to their ‘Sensor Plot’ pages.

Figure 2-8 Sensor Plot Page and Energy Report Page
For ‘Control’, it shows the system details in the building, for example, the HVAC, lighting, water supply systems. In
‘View Status’, by clicking on the specific appliance on the Revit model, users are lead to the detail drawing, the location
on the floor plan, the on-off status, and the Revit model as shown in Figure 2-8. In ‘Schedule Control’, users can add
planned control in the calendar. The BMS will automatically send control signal to the appliance at the scheduled time.
The final part is ‘Energy Report’ as shown in Figure 2-8. It includes different types of charts for ‘Carbon Footprint’,
‘Cost Predicted’, ‘Change In Cost’, ‘Usage Estimate’, ‘Energy Intensity’ and ‘Active Appliances’. The analyses are
made based on the sensor data and trained prediction algorithms. It enables facility managers to keep on track of the
energy usage and make smarter management decisions.
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3 Results
3.1 Evaluation on Machine Learning Models
The evaluation results from ‘Linear Regression’, ‘Decision Forest Regression’ and ‘Boosted Forest Regression’ are
summarized in Table 1.
Table 1 Evaluation Results for 3 models
Model

Negative
Log
Likelihood

Mean
Absolute
Error

Root Mean
Squared
Error

Relative
Absolute
Error

Relative
Squared
Error

Coefficient of
Determination

Linear Regression

N/A

4.73790

6.21377

0.82678

0.646546

0.353454

Decision Forest
Regression

1215.04619

2.27442

3.07828

0.39689

0.158674

0.841326

Boosted Forest
Regression

N/A

2.607396

3.42314

0.455002

0.196218

0.803782

The trained models were evaluated by 6 metrics, namely ‘Negative Log Likelihood’, ‘Mean Absolute Error’, ‘Root
Mean Squared Error’, ‘Relative Absolute Error’, ‘Relative Squared Error’ and ‘Coefficient of Determination’. Within
these metrics, ‘Root Mean Squared Error’ (RMSE) and ‘Coefficient of Determination’ (R2) are most important. RMSE
summarizes the error between the estimated value and the actual value. By squaring the difference, RMSE disregards
the difference between over-prediction and under-prediction. On the other hand, R2 represents the explanatory power of
the model, that is how relevant the features are to the target variable. It has a range from 0 to 1. The model is considered
as having better performance if it has lower RMSE and R2 closer to 1.
From Table 1, the best model is ‘Decision Forest Regression’, with RMSE of 2.27 and R2 of 0.84. As both ‘Decision
Forest Regression’ and ‘Boosted Forest Regression’ are ensemble learning methods, which are also known as ‘black
box’ methods. This means they have little interpretability. Some unnoticeable changes by human can be caught by the
machine to change the algorithm accordingly. In other words, we can only see the result or phenomenon, but cannot
know the exact reason that leads to it. By examining the best Decision Tree developed; the initial node, which has the
highest Information Gain, is the number of users of the courts for the other sport. We guess that is because if half of the
sports hall is occupied as basketball court, only 3 out of 6 badminton courts can be used. Nevertheless, this is just our
interpretation. It is more important for the evaluation results of RMSE and R2 to be satisfactory as it indicates a good
model.

4 Case Study on the Enterprise Centre (Lecture Theatre J)
The objective of this case study was to demonstrate how data from IoT sensors can be analysed to identify energy saving
options, followed by the use of Building Information Modelling to test the identified energy saving options. In this case
study, Autodesk’s CFD was used on a Revit model of the Enterprise Centre to test if a more occupancy-based control
can be implemented to save on energy and simultaneously satisfy human comfort.
This case study was conducted to demonstrate how the integrated interface can be used for analysis, to improve future
decision-making by facility managers.

4.1 Data Collected
For the case study, we obtained the AHU controls and VAV sensor data for the Enterprise Centre from the FMO for the
week of 8th September 2018 (Saturday) to 14th September 2018 (Friday). Most of the readings were set to be taken at
intervals of 10 minutes. The AHU controls included thirty-six variables as shown in Appendix 1.
There are twelve other sensors in the Enterprise Centre to monitor and control the operation of the VAV dampers of the
air handling unit (AHU). These sensors take readings for space temperature, flow and feedback within the room and are
placed around the room on the walls. The graphical display for the data from these sensors is shown in Figure 2-4.
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4.2 Data Analysis
4.2.1 Booking Schedule for Enterprise Centre
Using the HKUST Class Schedule and Quota website, we obtained class timings and number of students enrolled, as
shown in
Appendix 2. This was done to estimate the number of students in class for the data period that is being assessed.

4.2.2 Operation Schedule of the Supply Air Fan (Based on Speed and Status)
During the interviews, we were informed that besides the chilling coils in the air-handling unit, the supply air fan and
return air fan use around 50% of the remaining energy each. Hence, by optimizing the control of these fans, energy can
be saved.
By comparing the booking schedule and supply air fan operations, we noticed that even during gaps in the time table,
such as 1:00-1:30pm on Monday and Wednesday, 3:00-3:30 pm on Wednesday and 3-4:30pm on Friday, the supply air
fan continues to run although no class has been scheduled. On further investigation, we were informed that the SAO
gives instructions to the FMO on the booking schedule. These instructions are simplified to a start and end time for the
fans for the day.
Appendix 3 shows this, as there is only one switch-on and off for the supply fan through the day.
Graph 4-1 further illustrates that the Exhaust Air Fan (EAF) Speed and Supply Air Fan (SAF) speed operate together at
close to the same level further exaggerating the wastage of energy, when no students are in the room.
Graph 4-1 Operation of Supply Air Fan and Exhaust Air Fan

4.2.3 Space Temperature
Our data analysis showed that while the space temperature setpoint is maintained at 25°C , the actual space temperature
for the room has a minimum temperature of 19.5°C and a maximum temperature of 26.5°C for the study period. The
range of space temperature within the room has a difference of 2.5 °C. The maintenance of this range in temperature
can be seen in Graph 4-2 below. Although this range is acceptable to most in terms of human comfort, it is not very
energy efficient as the occupancy varies in different parts of the room. Hence, some parts are cooled despite no students
in that area of the room.
In addition, users of the lecture theatre, in this case students are not aware of the temperature difference across the room
and do not have the opportunity to choose their location based on the temperature. This leaves some students in areas
that are colder and others in areas that are warmer than their comfort level.
Graph 4-2 Range of temperature in Enterprise Centre

4.2.4 Carbon Dioxide (!"% )
With information from sensors in the four different corners of the room, we obtained data about the carbon dioxide
(!"% ) levels in the room. Although it is recommended that !"% be measured at nose level, which is 2 meters above
ground, in this scenario, the sensors were pre-positioned above the doors, which is much higher than the recommended
2 meters. Hence, for the purpose of analysis, these results have been taken in relative terms.
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Based on results from 8th and 9th September 2018 (the weekend), we see that although the !"% setpoint is 1000 parts per
million (ppm), the actual !"% level stays between 400 ppm and 550 ppm as shown in Graph 4-3. This difference in
setpoint and actual levels of ppm indicate low activity or in other words less number of people in the room.
Graph 4-3 Carbon dioxide level in ppm in the four corners for the weekend

On the other hand, over the weekdays (from 10th September to 14th September 2018), we observe some levels of
fluctuation in the !"% levels, with readings ranging from a low of 400ppm to a high of 2000 ppm, despite the !"%
setpoint of 1000 ppm. We also note that the !"% levels on the right side of the room, as indicated by Space3_CO2_Level
and Space4_CO2_Level are often higher than the !"% levels on the left side of the room as shown in Graph 4-4.
Graph 4-4 Space CO% reading at the four corners of the room

Graph 4-4 also shows that on 11th September (Tuesday), there was a spike in the !"% levels with Space1, Space3 and
Space4 reaching a max of 1986 ppm, 1999 ppm and 1995 ppm respectively. These maximums occur between 5:59 pm
to 6:20 pm, however the !"% levels start increasing around 4:29 pm. Looking back at the operation of the supply fans,
we observe that the fans were switched off at 4:30 pm on Tuesday. Hence, in this scenario, it is likely that there were
students in the classroom post 4:30 pm. We also noted that the !"% levels start reducing around 6:00 pm. Hence, it can
be said that an additional class took place during this period although the fans were switched off. This led to a spike in
the !"% levels.
Another interesting find was that the supply air fan and exhaust air fan were switched-on on Sunday but there is no
fluctuation in the !"% levels for Sunday. Thus, it is possible that a booking was made on Sunday but the classroom was
not utilized.
Further comparing the booking schedule from the class schedule, we can see clear drops in the !"% level when there
are no classes (1:00-1:30pm on Monday and Wednesday, 3:00-3:30 pm on Wednesday and 3-4:30pm on Friday), despite
the continued operation of the fans.
This shows that we can use fluctuation in !"% levels to some extent to estimate the presence of students in a class.

4.2.5 Relative Humidity
The relative humidity for the assessed period ranges from 69.34% to 78.08%. According to the thermal comfort zone,
such a high relative humidity is acceptable as long as the temperature of the space is between 23°C and 24°C as shown
by the blue region in Figure 4-1.
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On mapping the relative humidity and temperature across the day, we noted that for the given level of relative humidity,
only a small range of temperatures fall within the range of the human comfort. While there are times when some of the
temperatures are too hot, most of the temperatures are too cold.
This can be seen in Figure 4-1 with the dark blue dots.
This is another area that needs to be improved upon and can be
done by either reducing the relative humidity by installing
dehumidifiers or by increasing the current supply air temperature
setpoint.
It must be noted that relative humidity is affected by the amount
of fresh air entering the room and the moisture content in fresh
air as well as the amount of perspiration which is dependent on
the number of people in the room. Thus, we tried to check if
humidity can be used as an indicator to estimate the occupancy
level of the room.
Figure 4-1 Thermal Comfort Zone Matching

This was done by checking the corresponding booking schedule
and observations from !"% to test if the relative humidity was higher at that time. However, no clear relationship could
be seen between relative humidity and occupancy. This is because there is a stronger relation between supply air fan
operation and the relative humidity. The relative humidity is greater whenever the supply air fan is switched on as shown
in Graph 4-5 and Graph 4-6.
Graph 4-5 Space Relative Humidity

Graph 4-6 Supply air fan and exhaust air fan speed with fresh air damper position and exhaust air damper position

4.3 Computational Fluid Dynamics
Post analysis of the data obtained from sensors, we conducted a CFD analysis to visualize the impact of implementing
an occupancy-based HVAC operation. It was anticipated that as the current system does not account for occupancy of
the room, if a new HVAC control were implemented where higher levels of !"% indicated the presence of people in the
area and accordingly the space temperature were adjusted to provide increased cooling to only that part of the room,
then the system would be more energy efficient while continuing to meet human comfort.
Thus, we tested these conditions through Autodesk’s CFD simulation. We obtained the 3 dimensional Revit model for
the Enterprise Centre and then compared the model to pictures taken in the room earlier. Some of these pictures have
been displayed below.
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Figure 4-2 Photo of the Enterprise Centre (LT-J) at HKUST

Figure 4-3 Photos of the various sensors in the room
On comparing the photos taken of the room and the 3D Revit model given to us, we realized that the model needed to
be modified. For instance, the original model had a flat ceiling with no diffusers, hence the ceiling was modified to
make it step like along with lights and diffusers.
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4.3.1 Baseline Simulation Setup
To test out the hypothesis, we started by running a CFD simulation for temperature and !"% for the room without any
person in the lecture theatre and
with the air-handling unit
switched off. These results were
then verified with real-time
temperature and !"% readings
taken in the lecture theatre. Once
this was done, two more
simulations needed to be run but
with the Revit model containing
people concentrated in one part of
the room; one with the current
flow rate for each supply air duct
Figure 4-4 Position of return air ducts and sectioning of the theatre
and another with concentrated
air-flow
in
region
with
concentrated occupants.
Figure 4-4 differentiates the return air ducts from the
supply air ducts. Based on this differentiation of the
supply air and return air ducts, the lecture theatre can be
separated into different sections for occupancy-based
HVAC controls.
Figure 4-5 shows the Revit model that we intended to
use, with occupants concentrated in the first six rows of
the lecture theatre leaving the last five rows empty.
For the CFD analysis, the mass balance equation had to
be used:
)* !* + ), !, = ). !.
), = /0 − 20
Where )* is fresh air flow rate (0.32134 /s),
!* is concentration of !"% in fresh air (440ppm),
), is flow returning to the AHU,
20 is the exhaust air flow (1.36334 /s),
/0 is the return air flow which is based on the AHU and
needs to be obtained from the FMO,
Figure 4-5 Perspective view of the Revit model with
!, is the concentration of !"% in the room (816 ppm
human bodies
average), ). is the supply air velocity (2.13 34 /s) and !. is the concentration of !"% supplied to the room, which is
unknown and needs to be added to the simulation.
The other input values are given in Appendix 4.

4.3.2 Baseline simulation results
4.3.2.1

Air flow simulation results

Figure 4-6 Top and Side view of air flow simulation with colour scale for the variables
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The simulation for temperature obtained good results. It was observed that most of the room had an air speed of less
than 0.4 m/s except near the return air diffuser.
4.3.2.2

Temperature Simulation Results

Figure 4-7 Lights on the ceiling emit heat

Figure 4-8 Temperatures at different parts of the room across the given sections
As shown in Figure 4-8, the simulation results obtained seems to be good. It must be noted that although there are human
bodies in this simulation, these bodies do not expel any heat. Hence, this simulation is equivalent to having no occupants
in the room. The program however crashes after 150 iterations. According to the calculate data, this is because of
divergence in the data as the mass balance for the carbon dioxide did not balance.

Figure 4-9 Temperature simulation was not successful and needs to be redone
This simulation needs to be re-done after calculating the !. ,
once we get the return air flow and supply air flow from the
FMO.
4.3.2.3

!"% Simulation results

For the !"% simulation the boundary conditions were with
diffusion coefficient of 0.16 53% /7 and human breathing
expelling !"% at a rate of 0.000141534 /7 at a temperature of
37 °C [4] and [5].
Figure 4-10 Failed carbon dioxide simulation
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Just like the temperature simulation, the !"% simulation also failed (Figure 4-10) as the system could not balance the
carbon dioxide. The room has an unbelievably high concentration of carbon dioxide as it is continuously expelled by
the humans but none of it escapes the room in this simulation. Note that the temperature and carbon dioxide simulations
will be fully complete within the upcoming week.

5 Discussion
5.1 Integration of the Technologies
Based on the interviews with building facility managers and our research on existing building management systems,
user interface were found to be not user friendly. There are multiple complex objects, only a single user can access the
system from specific computers, and while data is collected and stored, all data analysis is done manually. Most of these
problems can be addressed through BIM as BIM helps to visualize the system, it simplifies the functions that need to
be completed by minimizing the number of clicks for every task. Furthermore, with the interoperability and collaboration
feature of BIM, multiple users can access the platform with their tablets or iPad and make changes.
Although BIM does solve many shortfalls of BMS, it does not solve the problem of collection of data and data analysis.
The models in BIM are pre-built and not flexible enough to show real time changes. This is where we can introduce IoT
to complement the limitations of BIM.
As mentioned earlier, while the two technologies do improve the BMS interface for building facility managers, one
critical area to enable facility managers make better decisions and optimized decision is the Machine Learning
component that needs to be included. Based on these observations, we have developed the flowchart as shown in Figure
5-1.

Figure 5-1 Conceptual integration of BIM and IoT with BMS
The four main parts in the flowchart are Internet of Things, Building Information Modelling, Building Management
System and Machine Learning. IoT consists of sensors and direct digital controller (DDC) where the DDC obtains and
stores the data from the sensors. After the sensor of a particular facility receives the readings of temperature, humidity,
carbon dioxide and carbon monoxide, the data will be transferred to DDC. All information from various DDCs are
collected from routers that operate under the BACnet protocol. As not much information can be stored at a time within
the DDC, the data is sent to the historian which refers to the data storage component of the Building Management
System. Information from the historian can then be sent for analysis to the machine learning platform, which then
generates automatic controls for the building management system.
As has been demonstrated, machine learning can be used to analyse data that is collected from the sensors and used to
predict the variables such as user activity level. These predictions can then be used to generate commands that optimize
the controls of facility systems like the HVAC system to improve energy efficiency for the facility. Such predictions
and optimization can assist building managers to make better decisions that make buildings more environmental and
cost effective. Such kind of prediction model generation will require the inputs of data analysts. Once the model is
developed, the control system of BMS can be automated to make use of the real time prediction to alter the HVAC
system operation accordingly.
Moreover, the historical and real-time data from the data storage can also be visualized and easily monitored in a userfriendly manner through the developed BIM model. After combining the structural detail and the data from building
sensor, facility managers can manually control the facilities.
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5.2 Machine Learning
Due to limit of time, the project completed the Stage 1 of user activity level prediction. As mentioned in Methodology,
in Stage 2, unsupervised learning would be used to develop the association rules among temperature change rate, the
user activity level, initial temperature, humidity and the number of operating air-conditioners. Then for Stage 3,
Microsoft Solver would be used for energy and thermal comfort level optimization. Following is the proposed indicator
for user thermal comfort and details of how Microsoft Solver can be applied for Stage 3.

5.2.1 Results from User Comfort Level Survey
As mentioned in the data collection part, a User Comfort Level Survey has been conducted to collect the data regarding
the usage hours and number of people in the field from sports hall users. The number of responses to the survey,
nevertheless, is only 22 at the moment. A low response rate of the survey indispensably affects the performance of data
mining and no credible results will be presented, especially when compared to 468 usage data from SAO. Moreover,
the period we are interested in is actually half years ago from the data collection time. The data from real life respondents
might not be accurate enough for analysis as the data substantially depended on the long-term memory of the
respondents. To address the incredibility problem, we propose to include user comfort level by calculating Predicted
Mean Vote and Predicted Percentage of Dissatisfied.

5.2.2 User Thermal Comfort - Predicted Mean Vote (PMV) and Predicted Percentage of Dissatisfied (PPD)
PMV was proposed by Prof. P.O. Fanger from Denmark in 1972. It is a model to present the feeling of human body in
cold and hot environments. PPD is a simplified estimation for the percentage of people that are uncomfortable under a
certain PMV level. Detailed calculation of PMV and PPD are shown in
Appendix 5.
A similar approach has been used in the research paper [6] called “An Automated IoT Visualization BIM Platform for
Decision Support in Facilities Management”

5.2.3 Optimization of Energy Usage
In the future, Microsoft Solver can be used to optimize the energy usage by maintaining a comfortable environment for
human activities under certain constraints. Machine learning will be tough to use as model training is needed. This kind
of optimization can only be done based on historical data. As the past decisions on control of the facility systems, were
not made to optimize the energy usage, the model limits the prediction to past results and cannot achieve the goal of
improvement and optimization. In contrast, Microsoft Solver does not need model training. It is more like a super
calculator to find the solution under the given conditions. It works with a group of cells, called decision variables and
objective cells. The variables are for example how many air-conditioners are needed, how long they need to be turned
on to reach certain temperature. PMV and PPD, as mentioned in the above section, will be used as indicators for thermal
comfort and satisfaction of users. The objective cell is the optimal electricity usage.
After we input different parameters and the constraint to Solver, it will automatically run and give us a maximum or
minimum output which ought to be the minimum energy usage.

5.3 Geospatial Temporal Data Analysis
In our project, we applied different technologies to seek the connection between visualizing the energy flow and the
Facility Management part that could minimize the operation of air-conditioners to achieve energy conservation as the
ultimate goal. While the energy flow in the sports center and the Enterprise Center is the consequence of a myriads of
variables, in which some have been listed in the calculation for PMV for user thermal comfort, it might be worth to
determine a relationship between the multivariate spatio-temporal data within the sports center. To find out the
relationship, researchers often fix one dimension of data, mostly temporal or spatial, as constant and analyse the
variables over time at a position or over various positions at one moment (Chen et al. 2017). There is also an univariate
spatio-temporal statistics that only observe one variable over time and space. While the restriction on any dimensions
provide assumption for the results generated and hinder the possibility of using the analytic results as they might contain
bias from diminished dependence elements, multivariate spatio-temporal models are proposed to analyze highdimensional multivariate data sets with different regions and time points. Different proposed multivariate spatiotemporal models had its own corresponding errors and limitations. Nevertheless, Chen et al (2017) have proposed a
method that successfully reduced the mean square predicted error from 0.75 to 0.48 in using a real dataset when
compared to classical cokriging approaches. Since the environment of the sports center is steady and not complicated,
there exists the opportunity in using geospatial temporal data analysis to analyze the contributions from any possible
variables to the energy flow in the sports center. Through this, not only FM can be linked to the prediction of energy
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flow in the sports center environmental, but also traced back to the influencing parameters for further analysis and
application.

5.4 Occupancy-based HVAC Control
The case study on the Enterprise Center, demonstrates how by using data from IoT, trends can be observed and energy
inefficiencies and lack of human comfort in the system can be easily identified. Improvements can then be proposed
and tested on a 3D model of the space as was done with the CFD analysis. Although the CFD analysis was unsuccessful
at this stage, with a little more time, it can be tested properly to either prove or disprove the hypothesis. Our case study
led us to develop and briefly test an occupancy based logic for the HVAC system as shown in Figure 5-2.
This logic includes predicting occupancy level through ML with historic data to take actions such as pre-cooling the
room in the right areas or switching on/ off the HVAC system when the room is most likely to be not in use. It then goes
on to record the real-time data and accordingly estimate the location
of people in the room and provide concentrated cooling to those
areas.

6 Conclusion
The traditional Building Management System is unable to cope with
the increasing needs of user satisfaction, dynamic and interactive
building models, energy saving, and current and future data analyses
for modern Facility Management. In this project, an integrated BMS
with BIM and IoT technology was proposed to provide interactive
building models with real time data, and automated decision making
to optimize User Thermal Comfort and energy consumption based
on Machine Learning. Machine Learning application in this project
primarily focuses on the HVAC system with a 3-stage approach. The
first stage provides prediction on user activity level. The second
stage develops relationship among user activity level, temperature
change and the HVAC system operation. The final stage involves
optimization of thermal comfort level and electricity consumption
based the association rule developed in the second stage.
The research methodology used helped to understand the needs of
the FMO and the possible solutions that can be applied in the
proposed framework to achieve the objectives. In concept Figure 5-2 Occupancy-based logic that can be
development stage, a flowchart (Figure 5-1) was developed to considered for future operations
illustrate the information and control flow in IoT, BMS, Machine
Learning and BIM. We then focused on building the Machine Learning model in Azure for user activity level prediction
with number of users and temperature data collected from the old sports hall in HKUST as it was the only location that
we could get the user activity. A web-based GUI interface was also developed to demonstrate how facility managers
can access sensor data, interact with the building model and get insights from the energy report. Moreover, a case study
was conducted on the Enterprise Centre to show the type of information that can be collected through IoT and the level
of analysis that can be done with the same. Post analysis, a hypothesis was developed and tested using CFD. Due to
lack of time, the CFD could not be perfected and completed, but we still hope that it demonstrates the benefits that
Facility managers can derive from BIM. One benefit that has not been addressed is the understanding of predictive
maintenance and repair work through such an integrated platform.
In the end, as some of the proposed ideas were not fully validated; in the discussion , future directions of research and
development were considered. Methodologies on using PMV and PPD to calculate thermal comfort level and using
Microsoft Solver to optimize thermal comfort and energy usage were discussed. Geospatial Temporal Data Analysis
was also studied for more detailed and accurate thermal energy flow within the building. This can help to better manage
the direction of airflow from the HVAC system in the future.
To conclude, we believe this project provides possible and feasible direction for enhancement in Facility Management
using BIM, IoT and Machine Learning. It will enrich the decision-making process of the FMO as well as facility
managers across the globe. In the future researchers can develop more detailed models to deploy in facilities to tackle
real-life challenges.
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Appendix 1 Variables for HVAC Controls for Enterprise Center
S.
Variable Name
Full Name
No.
1
CO2_Setpoint
CO2 Set Point
2
CV_Ctrl
Control Valve Control
3
EA_Flow
Exhaust Air Flow
4
EAD_Ctrl
Exhaust Air Damper Control
5
EAD_Position
Exhaust Air Damper Position
6
EAF_Ctrl
Exhaust Air Fan Control
7
EAF_Speed
Exhaust Air Fan Speed
8
EAF_Speed_Ctrl
Exhaust Air Fan Speed Control

In Picture

Unit

Y
Y
Y
Y
N
Y
Y
Y
Y (EAF
On/Off)

ppm
%
l/s
%
?
0/1
%
%

9

EAF_Status

Exhaust Air Fan Status

10

EAF_Trip

Exhaust Air Fan Trip

Y

11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26

FA_Flow
FA_Flow_Setpoint
FAD_Ctrl
FAD_Position
FAT_1
FAT_2
Fresh_Air_Temp
RA_CO2_Level
RAD_Ctrl
RAD_Position
RAT
SA_Duct_Pressure
SA_Duct_Pressure_SP
SAF_Ctrl
SAF_Speed
SAF_Speed_Ctrl

Fresh Air Flow
Fresh Air Flow Setpoint
Fresh Air Damper Control
Fresh Air Damper Position
Fresh Air Temperature 1
Fresh Air Temperature 2
Fresh Air Temperature
Return Air !"# Level
Return Air Damper Control
Return Air Damper Position
Return Air Temperature
Supply Air Duct Pressure
Supply Air Duct Pressure Set Point
Supply Air Flow Control
Supply Air Fan Speed
Supply Air Fan Speed Control

27

SAF_Status

Supply Air Fan Status

28
29
30

SAT
SAT_Setpoint
Sch_Permanent

Supply Air Temperature
Supply Air Temperature
Schedule Permanent

31

Space_RH

Space Relative Humidity

32
33
34
35
36

Space1_CO2_Level
Space2_CO2_Level
Space3_CO2_Level
Space4_CO2_Level
Time_Program

Space 1 !"# Level
Space 2 !"# Level
Space 3 !"# Level
Space 4 !"# Level
Time Program

Y
Y
Y
N
Y
Y
N
Y
Y
N
Y
Y
Y
Y
Y
Y
Y (SAF
On/Off)
Y
Y
N
Y
(Rm
RH)
Y
Y
Y
Y
Y

0/1
0
(Normal)
l/s
l/s
%
?
°C
°C
ppm
%
?
°C
Pa
Pa
0/1
%
%
0/1
°C
°C
0/1
%
ppm
ppm
ppm
ppm
P/H/T/S
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Appendix 2 Booking Schedule for the Enterprise Center
From
9:00
9:30
10:00
10:30
11:00
11:30
12:00
12:30
13:00
13:30
14:00
14:30
15:00
15:30
16:00
16:30
17:00
17:30
18:00
18:30
19:00
19:30
20:00
20:30

To
9:30
10:00
10:30
11:00
11:30
12:00
12:30
13:00
13:30
14:00
14:30
15:00
15:30
16:00
16:30
17:00
17:30
18:00
18:30
19:00
19:30
20:00
20:30
21:00

Monday

Tuesday

Wednesday

Thursday

Friday

151

157

151

157

135

99

246

99

246

132

178

127

156

299

111

178

111

135

156

299

132

197

127

269

241

269

84-101

129

84-101

129

24

Saturday

Sunday

197
241

Appendix 3 Supply Air Fan Operation Timings

Day

Supply Air Fan Status
[SAF-status (0/1)]
Operation Time

Supply Air Fan Speed
[SAF-speed (%)]
Operation Time

From

From

To

To (Last reading)

Saturday

System off through day

System off through day

Sunday

6:00 (1)

12:00 (0)

6:08 (96.5)

11:58 (68)

Monday

7:36 (1)

19:25 (0)

7:39 (96.6)

19:19 (91)

Tuesday

8:30 (1)

16:25 (0)

8:39 (96.5)

16:19 (90)

Wednesday

8:30 (1)

22:30 (0)

8:39 (96)

22:29 (75.7)

Thursday

8:30 (1)

20:00 (0)

8:39 (96)

19:59 (70.6)

Friday

8:30 (1)

19:25 (0)

8:39 (97)

19:19 (90.6)
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Appendix 4 CFD simulation input for baseline [20]
Parameter
Section No.
Air
Volume
Supply Rate
Air
Supply
Temperature
Human Body
Heat Power

Input Values
S1
S2
S3
S4
S5
S6
S7
S8
S9
S10
S11
0.175 0.170 0.181 0.162 0.167 0.188 0.174 0.147 0.180 0.163 0.278

Units

22.48 22.36 22.87 21.72 22.03 22.89 22.25 21.66 22.67 22.59 22.83

°C

100

W

Human Body 1500
Unit
Heat
Power
Average
0.0711
Human Body
Volume
Light Bulb Heat 50
Power

$% /s

W
$%
W

Appendix 5 Predicted Mean Vote and Predicted Percentage of Dissatisfied

Figure 6-1 Equation for PMV and PPD
where M = human metabolism (W/m2); W = external influence on body energy (W/m2);
Icl = isolation level of clothes (m2K/W); fcl = factor of clothes area;
ta = atmosphere temperature (degree Celsius);
tr = radiational temperature (degree Celsius); var = relative air velocity (m/s);
Pa = partial pressure from water vapour in atmosphere (Pa);
hc = heat convection coefficient (W/(m^2K));
tcl = clothes surface temperature (degree Celsius)
RH = relative humidity (%)
From the equations above, M, W, Icl, ta, tr, var and RH values are needed. To simplify the model, M, Icl, W can be
considered as constant in our case. ta, tr, var and RH can be measured by sensors at real time. The following tables
illustrate the basis for determining the values for M and Icl.
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