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1. Summary
The modern smart building technologies offer new opportunities to significantly reduce loses due
to fire. With the sensor rich environment and computer-controlled management system in smart
building, fire safety could be enhanced by utilizing the available sensory data and digitized
building information. The thesis of the project is that by fusing data from sensors and
computational simulations, projections of likely growth of a real fire can be made using Big Data
analytics with deep learning artificial intelligence (AI). The research proposed here utilizes the
specialties in computational fire dynamics acquired in a related 2017 work toward the goal of datadriven fire dynamic prediction for smart building. The work initiates the design of a pilot, artificial
intelligence (AI)-based algorithm Big Data analytics for fire safety for smart buildings.
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2. Introduction
Nearly half-a-million structure fires were reported yearly in the United States. The fires caused
nearly 17,000 injuries and death, and approximately $10 billion in property loses. Fire protection
in buildings is highly regulated by building codes and standards. In the US, jurisdictions typically
follow the International Building Code (IBC), which has a number of sections dedicated to fire
protection [1, 2]. Despite these regulations that make building fire low probability event, its
severity is high. Injuries, death, and other costs due to fire continue to increase. For instance, the
National Fire Protection Association (NFPA) estimates that in 2011 the total annual cost of fire,
including human and economic losses, costs of the fire service, built-in fire protection, and costs
associated with the insurance industry, was about $330 billion, or roughly two percent of the U.S.
gross domestic product [3]. At the same time, new construction of smart buildings continues to
add new challenges to fire safety, such as those associated with photovoltaic roof panels and
insulation materials, and lightweight engineered lumber framing. [4]
New opportunities to significantly reduce loses due to fire are made available by the modern smart
building technologies. Smart building technologies monitor and manage building performance in
real time, or wall-clock time, by using data obtained from Cyber-Physical System (CPS) sensors
and controllers such as programmable thermostats and appliances. The sensor-rich environment of
a smart building provides information, or data, that can be networked through IoT (Internet of
Things) for fire protection. For an example, the integration of smoke control protocol in the HVAC
system algorithm could allow a fire alarm trigger to control ventilation during a fire to prevent
smoke exposure of occupants [5]. The smart buildings of tomorrow offer additional untapped fire
safety potential to all constituents of a smart building’s community, including the designers,
owners, occupants, and emergency responders. In fact, the new Research Roadmap of Smart Fire
Fighting [6], prepared by the National Institute of Standards and Technology (NIST) and the Fire
Protection Research Foundation (FPRF) in 2015, has charted a path toward overcoming technical
obstacles so that interconnected technologies, such as CPS and IoT, can be harnessed to greatly
improve fire-protection and fire-fighting capabilities. "The ultimate aim of the roadmap is to
enable real-time delivery of useful information before, during and after a fire incident… - to get
actionable intelligence to the first responders who need it, when they need it." explains Anthony
Hamins, the head of NIST's Fire Research Division. The challenge posed by this enormous amount
of data is how it could be used to support human to predict fire spread in real time during the
progression of a real fire and to reduce loses.
In this work, we propose that for smart building such loses could be significantly reduced by
exploiting the abundance of information and data available in smart building with computercontrolled building management system. The thesis is that by fusing data from sensors and
computational simulations, projections of likely growth of a real fire can be made using Big Data
analytics. To that end, a building-block approach to develop the tools needed for a successful
achievement of the long-term goal was proposed. The first phase, which was completed in the
related 2017 work, is the acquisition of the necessary computational simulation capabilities in
computational fluid dynamics (CFD). The second phase, which is the major task of the current
work, is to develop a pilot AI that demonstrates the feasibility of the proposed research direction.
In the last phase, a complete realization of the prediction strategy to realistic building will
performed. It is expected that a dataset will be generated that contains fire-relevant, static and
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dynamic information of a virtual smart building, developed by using WMU Floyd Hall as the
skeletal system that provides the geometry, structure, and architecture of the virtual smart building.
The second dataset is the information of likely fire scenarios in the virtual Floyd Hall generated
by using the CFD tool being established in the current GCRC-funded research. Figure 1 depicts
the research strategy.

Figure 1. Long-Term Big-Data analytics fire safety research.
The major tasks of the proposed work are the development of big datasets, as described above. In
addition, it is proposed to initiate designing a pilot Big Data analytics using these datasets. To
facilitate the development of the machine learning pilot, a single room in the Floyd Hall building
is used, which reduces the amount of the computational resources needed to establish the dataset
of likely fire scenarios generated by using the CFD tools. The single room selected is the work
room of the departmental office of Civil and Construction Engineering in G-253. Figure 2 shows
the layout of G-253. The furniture in the work room, which are attached to the walls are considered
to be a part of potential fire locations and are thus included the simulations.

Figure 2. Layout of the Civil and Construction Engineering Department office G-253. The
workroom is indicated (red arrows).
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3. Objective
The goal of the work proposed here is to study the feasibility to exploit the abundance of data
related to fire, including those available in real time through smart building technologies and data
from computational fire dynamics simulations of likely fires, for the purpose of supporting fire
protection decision-making in the different phases of a real fire in smart building.

4. Research Plan
The CFD simulation software, FDS, being used in the current research is a computational fluid
dynamics model for fire-driven fluid flow. FDS [7,8] is one of the most advanced fire simulation
software. Its development in the past 25 years has been supported by NIST. FDS numerically
solves the Navier-Stokes equations. Mathematical and physical models, and advanced numerical
methods that have been well validated in the realm of classic computational fluid dynamics, such
as those used in weather forecasting today, were applied. FDS tracks heat, mass, and momentum
transfers in real time. The advanced capabilities of FDS can be further augmented by the addition
of the occupant evacuation simulation module, FDS+Evac [8]. FDS simulations are generally
projected to predict the flow velocities and the temperature to an accuracy within 10% to 20% of
experimental measurement. Therefore, FDS does not introduce significantly greater errors in these
quantities than those reported in the majority of fire experiments (regularly over 10%) [7]. In the
ongoing GCRC work element of the research, we are establishing 4D (four-dimensional, which
considers one value to determine time and three values to determine the location of a point) field
modeling of the fire dynamics in smart building through FDS. By using modern high-performance
computing, we are performing computations that simulate the spatially-resolved dynamics of fire
and smoke in real time. In the proposed research, various possible fire scenarios will be devised,
such as gas phase combustion and pyrolysis of fuel materials. The transport of heat and smoke
from the fires are simulated by using the FDS software. The responses given by the FDS simulation
will reveal the most influential parameters of the fire and smoke. To obtain a more complete
distribution of data of likely fires, a large volume of fire cases will be simulated for the training of
the AI algorithms. The less influential parameters can be estimated as fixed values, instead of being
considered as distributions. The substantial number of realizations in the CFD simulations will
produce a dataset used for the training and the validation of the AI algorithms. The simulated fires
project how a fire could spread and contain many potentially actionable intelligences about fire.
In the last part of the planned approach, we will begin to explore creating algorithms to mine
associations in the datasets and identify fire patterns, using AI machine learning. The datasets used
are the FDS simulation dataset that contain likely fire scenarios. With high-speed computer
servers, Big Data analytics would inform the identification of potential problems and could support
decision making in an unwanted fire in smart building in real time. Additionally, the information
could assist assessments of the impacts of fire on the environment.
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5. Technical Results
In the first part of the section, the results of the development of the computational tools for the fire
dataset are presented. The results of the development of the pilot AI algorithms are then presented. In
this work, we develop 4D (four-dimensional) field modeling of the fire dynamics. Reliable modeling
and simulation of fire and smoke is arguably the core of future smart fire safety. By taking advantage
of modern high-performance computing software for fire dynamics, we will simulate the behaviors of
fire in likely scenarios in this project. The simulations are based on the physics and sciences of fire
driven flow. The results of the simulations represent the fire dynamics in the event of a real fire in
terms of the three-dimensional physical space and in time (the fourth dimension), and therefore are 4D
simulations.

5.1

Computational Fluid Dynamics Simulations of Fire Dynamics

FDS numerically solves the Navier-Stokes equations. Mathematical and physical models, and
advanced numerical methods that have been well validated in the realm of classical computational fluid
dynamics, such as those used in weather forecasting today, were applied. The methodology, in a
nutshell, breaks down a three-dimensional domain, such as the interior space of a building, into tiny,
rectangular cells. Through the solution of the Navier-Stokes equations at each cell, FDS tracks heat,
mass, and momentum transfers across each cell in the domain. Over time, the evolution of the solution
data can be visualized and allows the identification of the fire dynamics, including size, shapes, and
temperature. Instantaneous smoke propagation can be displayed by using SmokeView (SMV) [8], a
graphic visualization software that is also supported by NIST. The advanced capabilities of FDS and
SMV can be further augmented by the addition of the evacuation simulation module, FDS+Evac [810]. The NIST-supported software FDS+Evac simulates the movement of people in evacuation
situations. The human egress simulations can be fully coupled with the FDS fire simulations. The FDS
software employs a conserved scalar approach to model the combustion of fires. The mixture fractionbased model assumes that combustion is mixing-controlled with fast reaction rate between fuel and
oxygen. The mass fractions of major reactants and products are computed using validated scientific
analyses. Radiative heat transfer is simulated via the solution of the radiation transport equation for a
non-scattering gray gas. The computational cell sizes are typically in the range of centimeter for the
large-eddy-simulation in FDS to achieve the resolution and the realism of the flow structures in
turbulent buoyant flow. The solution process marches in real time. Instantaneous results can be
displayed in still images, in motion, or in virtual reality to, for instance, track the growth of fire and
the propagation of smoke.

5.2

Simulation of fires in G-253 Workroom

To develop a pilot model, the workroom is adopted. The room geometry is taken from the G block
FDS model file established in 2017. A total of eight cabinet furniture is added to the room model,
which are currently placed in the room. Materials of the wall, window, carpet, and the furniture
will be identified from among those used in conventional construction of similar building. The
materials used for the room are listed in Error! Reference source not found..

8

Table 1. Materials.
Part
Wall
Window
Carpet
Furniture

Material
Gypsum Plaster, 0.012 m thick
Glass, 0.005 m thick
Carpet, 0.006 m thick
PVC Plastic, 0.1 m thick

The inner door and the back door are defined as HOLE. The Simple Chemistry Model in FDS is
used where the fuel is assumed to contain only C, O, H and N. In the first test case, three ignition
particles are defined on the top surface of a counter top as shown in Figure 3.

Figure 3. Placement of the ignition particles on the top surface of Furniture #1.
A fixed temperature of 1,000 oC is prescribed to the spherical surface of the ignition particle in
order to start the fire. The location of fire is (1964.632, 296.497, 98.3736) m. In addition, a total
number of 729 temperature monitors are defined in the space of the room as demonstrated in Figure
4.

Figure 4. Placement of temperature monitors.
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Figure 5 shows the results of the FDS simulations. Snapshots showing the FDS simulated
progression of the fire and smoke in the workroom at seven instances of time after the start of the
fire are presented.

9.9 sec

21.5 sec

39.2 sec

46.0 sec

59.0 sec

114.3 sec

124.7 sec
Figure 5. Simulated fire and smoke propagation in the G-253 workroom.
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Four monitors were chosen to record the local temperature changes as the fire progresses.
Coordinates of each monitor are listed in Table 2. The locations of the four monitors are shown in
Figure 6.
Table 2. Coordinates of the four temperature monitors based on the global coordinate system as
demonstrated in Figure 6.
Monitor
#60
#139
#264
#453

Coordinates
(1965.28, 296.88, 100.52) m
(1966.33, 296.88, 99.5) m
(1968.43, 293.12, 98.99) m
(1970.53, 295.94, 98.99) m

Figure 6. Locations of the selected temperature probes 60, 139, 264 and 453.
The variations of the temperature with time at the four selected monitor locations are presented in
Figure 7. Probe 60 is the nearest to the fire location among the four and its maximum temperature
is the highest.

Figure 7. Temperature variations with time at four different locations in the workroom.
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5.3

Deep Learning AI Algorithms

The machine learning algorithms have been developed. Briefly, the overall architecture of our
approach comprise of three major components: 1) a SQL-based database backend system used to
store all the relevant information; 2) a deep learning engine utilized to learn and predict patterns;
3) the web-based frontend application used as the user interface. Additionally, the proposed
approach requires the learning engine to process information in a timely manner due to the
complexity in fire dynamics with respect to the environment the fire interact with. To reduce the
initial learning overhead, we setup our deep learning-based approach into two phases:
orchestration phase and production phase. The orchestration phase is where the learning engine
spends time to obtain the knowledge and experience through the training dataset. Once the learning
engine has been trained with number of training scenarios, the engine will be validated through
different sets of fire data produced by the fire simulator, and those validation datasets are not part
of training datasets. After the learning engine has been verified to produce reasonable outcome,
the experienced learning engine will be deployed onto the production environment for future fire
event prediction.
In considering the dynamic nature of our proposed study, we focus on the “Deep Learning” as our
machine learning-based technique, which is considered as a subset and an advanced form of
Artificial Neural Networks (ANNs), also known as Deep Neural Networks (DNNs), as shown in
Figure 8. The term “deep” is characterized by the multiple hidden layers utilized in the DNN model,
and the number of hidden layer used is remained as free parameter. There is no constant value
that defines how many hidden layers should be used.
The larger/deeper the neural network, the more
complex patterns can be extracted by the learning
engine. In the DNN model, an activation function is
used to calculate the activation value and propagate it
among the connected neurons. The numeric weight
value associated with each connection between two
neurons is used to determine the weight of the link
wi,j. To compute the activation value aj from neuron i
to neuron j, the j neuron needs to compute a weighted Figure 8. Graphical representation of a deep
sum of all of its inputs, and then applies an activation neural network.
function f as follows:
𝑎𝑗 = 𝑓 (∑

𝑛

𝑖=0

𝑤𝑖,𝑗 ∗ 𝑎𝑖 )

Among the activation functions that are currently available, ReLU is widely used in deep neural
networks due to its faster and more efficient learning in terms of reducing the likelihood of
vanishing gradient problem, and sparsity in activation [Schmidhuber 2015]. These provide better
degrees of freedom in learning from the underlying complex datasets. The ReLU has the following
form:
𝑓(𝑥) = {

0, for 𝑥 < 0
𝑥, for 𝑥 ≥ 0
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Intuitively, a ReLU DNN with k hidden layers could be written as:
𝑓(𝑥) = 𝜃 𝑘 ∗ 𝑅𝑒𝐿𝑈 ∗ 𝜃 𝑘−1 ∗ 𝑅𝑒𝐿𝑈 … 𝜃1 ∗ 𝑅𝑒𝐿𝑈 ∗ 𝜃 0 (𝑥)
where 𝜃(𝑥) represents the linear functions component of DNN with the nonlinear activation
function ReLU.
The learning process of this model can be supervised, semi-supervised, or unsupervised [11,12]
Marsland 2014, Schmidhuber 2015], for which the features of the data is extracted and transformed
by using multiple layers of nonlinear processing units. As illustrated in Figure 9, each connected
layer (except for input layer) uses the output from the previous layer as input, and the multiple
hidden layers as the representation of the different levels of abstraction.
The machine learning techniques in the proposed
study are being performed in phases. Phase 1 is
the training phase, where the learning model is
trained with a <input, output> pair in order to
build the learning rule. Phase 2 is the validation
and test phase used to evaluate the quality of the
trained learning model in terms of measurement
in error rate and accuracy.
To narrow down the scope of our problem space,
the fire event is scheduled to occur in the normal Figure 9. The relationships between the three phases
room settings. In our proposed approach, the of machine learning in the study.
characteristic of the fire is described as six
features: 1) Heat Release Rate Per Unit Volume (HRRPUV); 2) the starting point of the fire as in
X coordinate; 3) Y coordinate; and 4) Z coordinate; 5) the door status of the room (either OPEN
or CLOSED), and 6) the status of the ventilation in the room (either OPEN or CLOSED). The door
is OPEN in all cases simulated. The expected output is the category classified based on the time
(in seconds) needed to trigger the smoke detector to sound the alarm. The time is predicted in four
categories that are color coded in four colors including red, orange, light green and green, as
demonstrated in Table 3.
Table 3. List of the prediction metric.
Category
Value
1
2
3
4

Elapsed Time to
the obscuration
Threshold
less then 10 sec
11 sec ~ 300 sec
301 sec ~ 600 sec
longer than 601 sec
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Color Code
Red
Orange
Light Green
Green

The RED category refers to the critical condition where people needs to evacuate from the
premises as soon as possible, whereas GREEN category means people can take more time to leave
the premises.
Based on the structure of the dataset, we can further build our DNN model as shown in Figure 10.
As depicted in Figure 10, the DNN model comprises one input layer with six neurons used to
represent the six features, two hidden layers, and one neuron in the output layer to represent the
predicted category value.
Input Layer

Hidden Layers

Output Layer
Six Neurons

Figure 10. Current DNN model.
To demonstrate the efficacy of our approach, we have compiled two types of dataset. One is
training dataset consists of 96 different fire event scenarios, described below, and another is
validation dataset. The training dataset is used to train the learning agent with the knowledge to
predict future fire events. The purpose of the training process is to allow our DNN-based learning
agent to extract the patterns of those fire events covered in the training scenario. The validation
dataset is utilized to validate the accuracy of the agent, and there are 10 distinctive fire scenarios,
which are not covered in the training dataset. The learning agent needs to predict the outcome for
those 10 different cases based on what agent has perceived during the training phase.

5.4

Smoke Alarm Triggering Threshold

Smoke inhalation is the leading cause of death in fires. A literature survey of the smoke hazards
in building enclosure fires, the quantitative measures of toxicity of gases in smokes, and mitigation
devices is being performed. As expected, a large volume of information on smokes from fires is
available in the open literatures. Literature sources related to smoke hazards (asphyxiant gases and
irritant gases) are identified and gathered from the Internet and by utilizing the literature search
and acquisition tools from the WMU Libraries. Based upon these creditable published articles and
professional Internet sites, a report has been prepared and submitted that summarizes the findings
of this literature search in the Q2 quarterly report. The summary document is also attached here.

14

A smoke detector is a device that senses smoke, typically used an indicator of fire. Smoke density
chambers in a smoke detector are used to measure the likelihood of building materials to generate
smoke when exposed to a heating source. It is measured by the obscuration of a light beam that
travels through the smoke. In many devices, the default setting of the obscuration threshold level
is 3.24 % obs/m, which is adopted here. The smoke detector is located on the center of the top
jamb of the frame of the entry door to the workroom as shown in Figure 11.

Figure 11. Smoke detector location.

5.5

Development of the Training Dataset

The training dataset are built based on a total of 96 fire scenarios. The scenarios include heat
sources located on the top panel of three separate cabinets (Furniture #1, 2, and 3) located in the
workroom. Six different heat release rates (HRR) are simulated at each location. For example,
Table 4 shows the information for the location of Furniture #1 and the associated HRR, which
differs by five orders-of-magnitude.
Table 4. Location and the heat release rate associated with Furniture #1.
Furniture #1
Location (m)

Heat Release
Rate (kW/m2)

X: 1964.7121
Y: 296.7780
Z: 97.8918

1.25E+04
1.25E+03
1.25E+02
1.25E+01
1.25E+00
1.25E-01
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An additional heat source location is on the floor of the workroom, or Floor Fire #1. Similar to the
sources located on the furniture, six HRR were used in the training dataset. The entry door is open
in all scenarios. Two openings (Vent X and Vent Y) are located on the walls neighboring the entry
door. The status of the vent is either “OPEN” or “CLOSE”. Figure 12 shows the cabinet furniture,
the location of the floor fire, and the two vents that are used in the training of the machine learning
agents.

Figure 12. A layout of the devices related to the generation of the training data.
In summary, the training dataset consist four heat source locations, each with six HRR, and two
air openings, each with two possible status. The total of number of cases in the training dataset is
96 (= 4 × 6 × 2 × 2).
For each and every one of the cases, the associated fire scenarios is computed by using FDS
through PhyoSim [13]. For all cases, time-accurate CFD simulations were performed. From the
results of the simulations, the simulated physical time for the obscuration level to reach the
threshold level of 3.24 %/m for the training cases were recorded.
Figure 13 shows the evolution of the obscuration levels with physical time for four cases. In the
case of the Furniture #3 (X:CLOSED. Y: OPEN), the obscuration level reaches the threshold in
2.39 sec and the simulation was terminated. For Floor Fire #1, the time to reach the threshold level
of 3.24 %/m (indicated by the arrowed dash line) is 473 sec when Vent X is closed and Vent Y is
open with HRR of 0.112 kW. For the case of Floor Fire #1, X:O, Y:C with HRR of 0.0112 kW,
the obscuration level peaks below 3.24 %/m and the simulation was terminated at some time after
when it was apparent that the obscuration level is continuously decreasing.

16

Figures 14-17 show the time to trigger the smoke alarm for the four heat sources at different HRR.
Furniture #1 and #3 have higher sensitivity to the status of the vent (open vs close) at the lower
HRR that those at high HRR. The status of the vent has significant impact on the activation of the
smoke alarm at all HRRs simulated.
4.0
3.5
3.24

Obsercuration (%/m)

3.0
2.5
2.0
1.5

Floor Fire #1. X:O Y:C
Floor Fire #1. X:C Y:O

1.0

Furniture #3. X:C Y:O

0.5

Furniture #8. X:O Y:O

0.0
0

200

400

600

800

1,000

Time (sec)

Figure 13. Evolution of the obscuration level with the simulated physical time.
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1.E+04

X:C. Y:C
X:C. Y:O
1.E+03

X:O. Y:O

Time (sec)

X:O. Y:C

1.E+02

1.E+01

1.E+00
1.E-02

1.E-01

1.E+00

1.E+01

1.E+02

1.E+03

1.E+04

1.E+05

Heat Release Rate (W)
Figure 14. Time to the smoke alarm activation for Furniture #1. Four different status of the air
vents are included. X:C. Y:C indicates that Vent X is CLOSED and Vent Y is CLOSED. Others
are indicated accordingly.
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1.E+04

X:C. Y:C
X:C. Y:O
1.E+03

X:O. Y:O

Time (sec)

X:C. Y:O

1.E+02

1.E+01

1.E+00
1.E-02

1.E-01

1.E+00

1.E+01

1.E+02

1.E+03

1.E+04

1.E+05

Heat Release Rate (W)
Figure 15. Time to the smoke alarm activation for Furniture #3. Vent Status: See Figure 14.
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X:C. Y:C
X:C. Y:O
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X:O. Y:O

Time (sec)

X:O. Y:C
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1.E-02

1.E-01

1.E+00

1.E+01

1.E+02

1.E+03

1.E+04
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Heat Release Rate (W)
Figure 16. Time to the smoke alarm activation for Furniture #8. Vent Status: See Figure 14.
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Figure 17. Time to the smoke alarm activation for Floor Fire #1. Vent Status: See Figure 14.
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Figures 18 and 19 show the effects of the HRR on the time for the various heat source locations
for the highest HRR and lowest HRR, respectively. Note that for the lowest HRR, the obscuration
has yet to reach the threshold level to trigger the smoke alarm in 30 min.
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Figure 18. Time to smoke alarm activation for the high HRR. (a) X: CLOSED. Y: CLOSED; (b)
X:CLOSED. Y:OPEN; (c) X:OPEN. Y:OPEN; (d) X:OPEN. Y:CLOSED.
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Figure 19. Time to smoke alarm activation for the low HRR. (a) X: CLOSED. Y: CLOSED; (b)
X:CLOSED. Y:OPEN; (c) X:OPEN. Y:OPEN; (d) X:OPEN. Y:CLOSED.
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Figure 20 shows the time to activation for all 96 cases in the training dataset. The value of the
lowest HRR is six orders of magnitude less than that of the largest HRR. The resulting time to the
activation of the smoke alarm also differs by three order of magnitude between the shortest time
of 2.19 sec to over 1800 sec (30 min).
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Figure 20. Time to the smoke alarm activation in the training dataset.
The 96 simulation cases have been performed using a quad-core desktop workstation and the
dataset thus developed is used to train the learning agent using the machine deep learning
algorithms discussed above. The attributes used in the development of the dataset include the
intensity, in terms of the HRR, and the location of the heat source, in terms of the three components
of the coordinates in the Cartesian coordinate system. The status of the vent is also an attribute
used in the training dataset.

5.6

Validation of the Machine Learning Algorithms

The validation of the trained agents is performed. Table 5 presents the cases used in the validation.
The first three cases involve scenarios with the heat sources at the locations associated with those
in the training dataset (Furniture #1, #3, and #8), but with contrasting HRR and the vent’s status.
Cases 4, 5 and 6 involves a new heat source location (Floor Fire #2) that is not used in the
generation of the training dataset. The value of the HRR are orders-of-magnitude apart (104, 102,
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and 101, respectively), while the status of the vents is kept the same. Cases 7 to 10 involves heat
sources placed on a new furniture (Furniture #2) with various attributes for the heat release rate
and the status of the vents.
Table 5. List of the validation cases.
Case

Location

Heat Release
Rate (kW/m2)

Vent #1

Vent #2

1

Furniture #1

60

Closed

Closed

2
3
4
5
6
7
8
9
10

Furniture #3
Furniture #8
Floor Fire #2
Floor Fire #2
Floor Fire #2
Furniture #2
Furniture #2
Furniture #2
Furniture #2

6
1.27
12500
125
1.25
0.15
0.05
0.001
700

Open
Open
Open
Open
Open
Open
Open
Open
Open

Closed
Open
Closed
Closed
Closed
Open
Open
Open
Closed

Table 6 show the predicted values for the validation cases. The expected category values are also
included for comparison. The predicted values agree well with the expected values with a mean
squared error of 0.20771.
Table 6. Validation results in terms of the predicted numerical values.
Case

Expected
Values

Predicted
Values

1
2
3
4
5
6
7
8
9
10

2
2
3
1
2
3
3
4
4
1

2.028238
2.058169
3.303641
1.010684
2.043948
2.999269
3.996062
3.981909
3.974706
1.992768

Figure 20 presents the predicted results. The expected values are also included for comparison.
The accuracy of the agent, as illustrated in Figure 20, has demonstrated the efficacy of our
proposed method. Note that none of the validation cases are included in those that form the training
dataset. The validation cases thus are true validation of the performance of the learning agent.
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Figure 20. Machine learning validation results.
Overall, the learning agent has the mean square error as 0.20771, which is considered acceptable
quality based on the predicted outcomes. For the individual validation cases, as shown in Figure
21, the agent made very good predictions for case 1 to 6, case 8, and case 9, whereas the agent’s
performance suffers in case 7 and case 10. For cases 7 and 10, the predicted values are one level
higher than the respective expected values, indicating the predicted elapsed time before the smoke
alarm is trigger is longer than those based on the CFD simulations. In the real world scenario, the
predicted outcomes for cases 7 and 10 infer a shorter egress time than are actually available to the
occupants in the workroom, which are unacceptable since accuracy is crucial for the learning agent
in fire related applications. To further improve the outcomes, we have conducted the detailed data
analysis between the training and validation datasets. We conclude that the training dataset does
not cover fire scenarios similar to those of case 7 and case 10, as described by the feature variables.
This provides valuable insights toward the content of the training dataset in terms of the fire
scenarios that need to be covered and the fire/smoke features to be included in the training dataset
to improve the accuracy of the learning agent.
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6. Concluding Remarks
The project is an investigation of the application of data-powered machine learning to the
prediction of building fire behavior. Based on the literature search, this is the first time machine
learning based artificial intelligence has been applied to fire prediction. The training dataset for
fire scenarios are developed from the results of computational fire dynamics simulations.
Specifically, the elapsed time from the start of a fire to the time the smoke alarm is triggered is
studied. A total of 96 fire scenarios are simulated to build the training dataset. To validate the
model AI agents, 10 fire events are used, which includes independently varied physical attributes
at the fire scene. The predicted elapsed time levels mostly agree well with the expected. The
comparison demonstrates, for the first time, that AI can be applied successfully to predict the time
the smoke detector is trigger in the simulated fire events.
The current project represents a major step toward using AI to improve building fire safety. To
fully explore the potential impacts of the application of Big Data to mimic the behavior of fire and
smoke, more complex building layouts can be applied. Complex, dynamic behaviors of the fire
and smoke can be modeled that considers additional detailed features. Modern technologies, such
as the cyber-physical systems that are deployed in future smart buildings can facilitate the
application of AI to advance fire safety.
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Appendix

The PDF file is submitted as a part of this report. The first page is shown in the above.
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