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Abstract

Mohamed Gamaleldin
Master of Applied Science
Electrical and Computer Engineering

Ryerson University, Toronto, Canada, 2020

Structure fires are one of the main concerns for fire safety systems. The actual fire safety of a
building depends on not only how it is designed and constructed, but also on how it is oper-
ated. Computational fluid dynamics software is the current solution to reduce the casualties in
the fire circumstances. However, it consumes hours to provide the results in some cases that
makes it hard to run in real-time. It also does not accept any changes after starting the simu-
lation, which makes it unsuitable for running in the dynamic nature of the fire. On the other
hand, the current evacuation signs are fixed, which might guide occupants and firefighter to

dangerous Zones.

In this research, we present a smoke emulator that runs in real-time to reflect what is happen-
ing on the ground-truth. This system is achieved using a light-weight smoke emulator engine,
deep learning, and internet of things. The IoT sensors are sending the measurements to cor-
rect the emulator from any deviation and reflect events such as fire starting, people movement,
and the door’s status. This emulator helps the firefighter by providing them with a map that
shows the smoke development in the building. They can take a snapshot from the current sta-
tus of the building and try different virtual evacuation and firefighting plans to pick the best
and safest for them to proceed. The system will also control the exit signs to have adaptive
exit routes that guide occupants away from fire and smoke to minimize the exposure time to

the toxic gases.
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Chapter 1

Introduction

1.1 Introduction

Structure fires are one of the main concerns for building management systems (BMS). Ac-
cording to the Canadian government reports, there are 19,000 structural fires yearly that caused
in 2014, for instance, 109 casualties and 170 non-evacuation situations[1][2][3]. It is reported
in 2015, that nearly 3000 firefighters had injuries caused by smoke and fire [4]. Another statis-
tic shows that smoke inhalation is the leading cause of deaths in cases of building fires leading

at 34% of the fatalities, even more than burns, and contributing to other causes as well[5][6].

Accordingly, many studies have been conducted to investigate how to reduce casualties by
using smoke simulators such as Fire Dynamics Simulator (FDS)[7][8]. It solves the Com-
putational Fluid Dynamics (CFD) model that is depicted by Navier-Stokes equations, which
relying on numerical solving methods[9]. The model requires predetermined environment
boundaries with a knowledge of all of its events to provide a very accurate prediction of the
smoke propagation in the building. The smoke propagation can be affected by different el-
ements such as layout, ventilation, and building materials [10] [11][12]. The building life
cycle includes four phases, the design phase, the construction, the operation and the demol-
ishing. The building fire safety is included in the design phase and the operation phase of the
building life cycle. Like many other existing fire and smoke simulator, FDS can be used in the
design phase to evaluate the building design, which helps to optimize the fire safety of build-

ings. FDS assists in developing effective methods to control the smoke path using different



active and passive techniques. The active techniques such as pressurization that depends on
changing the pressure in the pressure control zones to have a clear evacuation path and pre-
vent smoke from spreading inside the building. The passive techniques are based on different
structural components; for instance, smoke barriers that reduce smoke propagation through

stairwells [13].

However, running an accurate CFD model can be computationally demanding where it takes
hours in simulation to provide minutes of simulated data. It can not adapt to sudden changes
in the environment after the simulation is commenced, which is against the dynamic nature of
the fire scene. Therefore, it can not be used to assist firefighting process during the operation
phase of buildings. In a normal firefighting process, firefighters are deployed into a building
with duties such as searching for survivors, extinguishing fire, coordinating evacuation, and
emergent operation of building equipment. While moving through the buildings, they often
are exposed to dangerous situations, potentially resulting in major injuries even death. Among
the many factors contributing to this dangerous situations, inability to accurately predict the
development of fire and smoke is a key problem. In most cases, firefighters need to decide
quickly between actions with varying risks, while facing very dynamic fire and smoke condi-
tions. If an accurate prediction of how fire and smoke will develop can be provided, the fire-
fighting process can be much safer and more efficient. Another important aspect of survival in

construction fires is egress schemes.

The shortest evacuation path problem has been an ongoing research topic, specifically in evac-
uation scenarios [14], and it mainly depends on the representation of the search environment.
Search algorithms can be categorized into uninformed [15] and informed algorithms [16]. The
latter ones know the target position and are able to leverage that knowledge to find complete
optimal paths in fewer iterations. This coincides with the nature of the evacuation task since

the exits positions are known.

Some evacuation strategies including path planning algorithms [17], such as Dijkstra [18] [19]
and A* [20], have already been implemented in BMS. These are used to search for the safest
simultaneous evacuation routes in firefighting process during the operation phase of buildings.
The performance and optimality of these algorithms depend on the instantaneously collected
data from the deployed sensors [21]. They can measure smoke concentration and temperature
[14] [22]; then these data are sent to a gateway that coordinates between the nodes and the

cloud. The cloud handles data processing and storing, and provides the user with the optimal



exit route in the case of fire. The smoke sensors are the only way for these systems to depict
the smoke propagation on ground-truth, but lacking the ability to illustrate the propagation of

smoke.

The new revolution of IoT has enormous impacts on many technologies and fields [23], such
as environment [24], agriculture, and building management system (BMS). It helps to develop
seamlessly integrated wireless sensor networks (WSN) with the cloud, which eases the data
acquisition [25] [26], covering different scales from small houses to urban areas. The col-
lected data helps to build powerful analysis models that give efficient and reliable solutions
for wide range of complex problems such as space monitoring [27] [28] and navigation [29]
[30]. BMS has beneficial improvement in HVAC by reducing power consumption [31] and its
integration with firefighting [32], which can have a direct application on evacuation systems
in burning buildings [33]. The statistics show that the fatalities caused by fire are reduced by
almost 50% when the smoke alarms are used [34], which indicates that the usage of the new

technologies such as IoT to build real-time smart systems helps to reduce fatalities.

1.2 Motivation

A fire emulator is to be developed to overcome these problems. The emulator is initially con-
figured according to the physical condition of the building and is continuously updated us-
ing the data sent from a sensor network. It has low latency while predicting realistic smoke
behavior taking into account the changing environment’s events such as doors state. The re-
sult is compiled to produce instructions for firefighters in action so that they can properly as-
sess the risks associated with all possible actions and be more efficient. It becomes possible
to quickly find the optimal exit paths because both the current sensor measurements and the

smoke spreading in the near future predicted by the emulator are available.

1.3 Literature Review

To employ simulation tools such as FDS in the design phase, Building Information Model
(BIM) is used to allow for seamless data sharing between architects and fire engineers [35]

in an Integrated Design Process (IDP) [36]. Based on the architectural design, smoke control
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strategies, egress themes, structural performance, and fire protection strategies can be opti-
mized using fire simulation. It is promising that the advancement of relevant technologies and
availability of engineering tools have largely enhanced the application of fire simulation tech-
nology in the design of buildings. However, this process does not take into account the dy-
namic nature of the fire scene, which can dramatically change the spread of smoke throughout
the building and affect the egress routes. As an example, static exit signs might guide people
to hazardous areas or could be very confusing especially when they point to where smoke is

dominant and the egress routes do not seem tenable.

To obtain relevant data from a construction fire that can be used by a fire emulator, a sensor
network needs to be deployed such that the construction is adequately covered. Timely and
reliable detection of fire is critical and depends on the ability to recognize the changes of the
environmental variables likely caused by fire, for instance, abnormal temperature increase,
visibility obstruction due to flames [37] and smoke [38], radiation, and combination of chemi-

cal compounds resulting from combustion.

Most of the proposed solutions in the literature is relying on three major steps, monitor the
environment, compare with a reference then report the situation to the user. The solutions use
different softwares that are not fully integrated or orchestrated to provide reflect the fire situa-

tion on the ground-truth.

Choi et al. [39] use prediction data from the FDS model’s results and informed search algo-
rithm A* [40] to obtain the safest evacuation routes. The searching algorithm aims to min-
imize the exposure to the toxic smoke during the evacuation. The similarity between FDS
model and the fire scene is a must in order to obtain a realistic evacuation path. Chen et al.
[41] developed a system integrating BIM and FDS. This system is using an old saved histori-
cal data generated by FDS for different fire scenarios and play it back in fire scenario in order
to skip the heavy consumed time in simulation. It can be used to find a safe egress plan for
firefighters and evacuees in case of fire during the operation of a building. This system helps
both firefighters and normal building occupants to evacuate safely. The firefighting coordina-
tor needs to be familiar with all the FDS results that are produced previously through simula-
tion and be able to retrieve the most similar one to the actual fire scenario in order to deploy
rescue teams into the building. This process depends on the firefighters’ experience and the
similarity between the fire scene initial condition and the ones that were simulated in FDS.

Another issue with this implementation, if the building structure and the fire situation is too



complex, the firefighter coordinator will have a problem to track all the fire aspects and the

firefighter coordinates which will introduce human error to the equation.

Al-Nabhan et al. [21] have developed an IoT-based conceptual solution that consists of two
levels of sensor nodes for data collection and processing. The system includes main nodes
that handles the heavy processing and some sub-nodes that collects the data. The main nodes
report the data to the cloud, which will determine the safest egress route. The issue with this
approach is, the accuracy of the system is relying on deploying more sensors to have a high
resolution grid, which is not cost efficient. Lossing any of these sensors in the fire, will cause
information losses for this particular zone that can not be interpolated and lead to system error
as the sensor network does not understand the physical property of the smoke. In addition to
that, the evacuation path in this system is based on the current condition of the scene, which

might not be efficient or accurate for long-term evacuation plans.

Peng et al. [42] proposed a method to obtain a fast and dynamic path for evacuation by using
a neural network to fit a scoring function f or the paths to be able to predict the best evacua-
tion routes. Their solution relies on generating a simple analysis model to represent the infor-
mation in the space, then generating and evaluating different evacuation paths. The generated
paths will be used to train a policy neural network to get the best evacuation route that helps

the occupant and the fire safety team to make better decisions.

1.4 Objectives

In this thesis, a new smoke emulator is proposed to assist firefighters and evacuees in order to
reduce the casualties and asset losses. The proposed emulator will fulfill the drawbacks of the
existing solution that has a considerable latency and has no feedback to update the simulation
to match the dynamic nature of the fire scene. The emulator will run in real-time based on a
VFX smoke engine that has a very light processing time, and the deviation from the ground
truth scene will be corrected using deployed sensors in the building. The sensors will emit
the data to the cloud using an MQTT broker and the cloud will do the computations and up-
date the smoke map. The system is connected with Long Short Term Memory (LSTM) that
tracks the data and provides prediction when the data is temporally missed. The map assists
the firefighter and will also update the exit sign based on a two-leveled A* algorithm in order

to increase the survival rate and reduce the economical losses.
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1.5 Contributions

The contributions of this work are as follows:

e A real-time smoke emulator that runs faster than the FDS and can interact with the

events in the fire scene.

e A correction method that is relying on deployed sensors in the building in order to match

the emulator results with the ground-truth status.

e LLSTM layer that is used to predict the missing data in order to keep the simulator valid

for a longer time in case the sensors’ data are missing.

e Two-leveled A* algorithm that mimics human behavior in solving the routing problem

and its usage in the fire scenario.

1.6 Thesis Outline

The reminder of this thesis is organized as follows:

Chapter 2 discusses the smoke engine and how to prepare the building model to the emulator.
It explores the engine internal component, the drawbacks of the engine and the actions taken

to solve these problems.

Chapter 3 explores the hardware different iteration and compares between all the designs to
achieve the best performance hardware. It includes a comparison between the LoRa and WiFi

and different operation mode achieved by ESP32 micro-controller SoC.

Chapter 4 discusses the usage of the deep learning and how the prediction model is built and
its importance for the emulator stability. It compares between the ordinary neural network,
the recurrent neural network and the long short term memory architecture. It compares the

different architecture of the model and the error in each of them.

Chapter 5 introduces the routing algorithm which is used to control the exit signs to have

adaptive egress route that is much safer than the current used fixed ones.



Chapter 6 discusses the results of the integrating all the previous layer and the outcomes of the

new emulator with comparison to FDS.

Chapter 7 concludes the work and provides the future steps that can be followed to upgrade

the current system.



Chapter 2

Smoke Engine

2.1 Introduction

The goal of this smoke emulator is to have a real-time behaviour, this can not be achieved un-
less the emulator includes a fast smoke engine, where it is the bottleneck of the system. To
achieve this purpose, this emulator is built using different integrated components, as shown
in Fig. 2.1, this guarantees having a reliable solution. The environment is prepared for the
smoke engine, which is built to give real-time emulation results. The proposed system uses
the IoT technology and the power of LSTM to correct any deviation between the emulator and
the real situation. This design helps to have a perfect digital twin that reflects the fire scene
with all its events and smoke development, which has a huge impact on firefighter’s decision
making. In the following sections, the system components will be explained in more detail.
To speed the smoke emulation, the smoke engine is dealing with a projected space, where the
smoke zone’s pressure will be represented as smoke saturation. The saturation of the zone is
calculated based on the amount of smoke in the zone. The incoming pressure values from the
sensors, will be mapped to match the zone’s saturation value. The 2D projected of the space
will ignore some of the smoke’s 3D properties, but it improves the speed of the emulator, and
the correction layer will handle any missing information. This research focuses on a single
building layout; when dealing with a 3D building, more components will be used to deal with

the rest of the smoke properties.
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FIGURE 2.1: The Emulator Architect design

2.2 Building Layout Cases

Three different layout cases are used to test and evaluate the performance of the proposed sys-
tem. Case 0 is the toy model, which is used as a playground to investigate and get the early in-
sights about the system. It is used mainly to achieve the very basic initial stable smoke solver
by tuning the hyper-parameters which will be explained in more detail in the following sec-
tions. Case 1 is used as the very basic introduction to the zone and the multi-wall layout struc-
ture to study and improve the advection algorithm. Case 2 is the major layout that includes
multiple walls, doors and much more complicated structure for testing the correction algo-
rithm. It is also used to evaluate the routing and evacuation algorithm as it has more doors and

zonal relations. Figure 2.2 shows all the three layout cases.

2.3 Building Components

In comparison with existing methods, this proposed emulator deals with the building com-
ponents differently. These components contain embedded information that affects the smoke
properties, the evacuation plan, and the emulator correction algorithm. The emulator works
with three elemental categories; doors, walls, and open space. These elements have infor-
mation that can affect the density and the velocity parameters in the simulation. The Doors

are special elements in this emulator acting as bridges between zones. They can increase the
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Case 0

— | Case 1

]
-

FIGURE 2.2: Layout cases

Layouts

pressure of a zone over any adjacent zones when it is closed. It affects the smoke propagation

where the smoke can leak through, and also it is a default exit point. The second component is
the walls that acts as a rigid body, where it stops the smoke and defines the zones as well. The
exit signs play an essential role during the evacuation, in this system, they are part of the [oT

layer and can be controlled by the routing algorithm to guide evacuees to the safest route.

2.3.1 Space Discretization

In order to speed the emulator, the space is projected from 3D into 2D. The pressure in the

zone can be obtained from the density grid, where the amount of smoke can reflect the amount

10



of pressure in this zone. The emulator can not deal with all the points in the 2D space; it needs
to discretize the space into cells such that the processing is fast enough. Two techniques have
been adopted a fixed cell and adaptive cell sizes for decomposition, as seen in Fig. 2.3. The
former is known as Exact Cell Decomposition [43], through which a space is divided into

cells of similar squares to simplify the space to be used in the calculations. The latter, Ap-
proximate Cell Decomposition[44], may have different sizes for each cell. This method gives
the most minimal representation of the discretized space. It works on grouping the fixed cells
which belongs to the same zone into one big cell per zone. The zone is defined as anything

that can be contained by four walls such as rooms or can be represented by regular four-linkage

shape such as corridors.

mmmm \\alls in Environment Global Level Nodes Nodes' Connections
m=== Doors in Environment @ Global Level Start Node —— Start Node's Connections
Open Space ® Global Level Goal Node —— Goal Node's Connections
(A) (B)

(C) (D)

-—

FIGURE 2.3: Two Levels Space Discretization

11



The requirements of both the smoke solver and the path planning processes of the emulator
are kept in mind as well as maintaining a low processing cost for both of them while not giv-

ing up their performance.

2.3.2 Smoke Solver

Smoke is a computational fluid dynamics problem that can be solved using two different ap-
proaches. The first approach is the Euler representation where it assumes that the particles

are living inside grid and it will move from cell to another. The second approach is the La-
grangian approach where it assume that the particles are moving around, this approach is
harder to implement as the data structures that store the particles are always changing which is
time and memory consuming. There are many formulas that is used to describe the smoke as a

fluid dynamic problem such as Navier-Stokes equations.

Fluid dynamics software (FDS) is commonly used for fire and smoke simulation. If used
properly, it can accurately model construction fires[45]. As any other CFD solver, it uses
numerical methods to solve Navier-Stokes equations, and it requires pre-computation of the
simulation cases thus taking long time before the start of the simulation. It is also necessary
to pre-define all the events in the case such as which door will be opened at what time, the
amount of energy in the fire and where it should start. The FDS is meant for the designing
phase to change the design in order to have a safer building; however, it is used currently by
most of the researcher in the operation phase. It does not fit in the fire situations due to the
computational overhead of CFD based solvers along with their inability to adapt to dynamic

events not known beforehand.

From literature, smoke simulation does not concern only BMS field but also the video ef-

fect industry (VFX) in order to simulate the smoke effects in videos games and movies. In
VFX industry, it is required to have algorithms that run fast with low processing power, which
pushes the industry to develop many techniques to achieve the illusion of the smoke perfor-
mance. Some of the algorithms are based on alternating fixed smoke images to give the feel
of the moving smoke. Some other applications require more advanced algorithms to interact
with the smoke and these are derived from the CFD literature, mostly based on the Navier-

Stokes Equations that demands a huge computational power. The proposed emulator is using

12



one of these algorithm, which developed by Stam[46] as its basic building block. The basic
algorithm is combined with other different layers to obtain a realistic smoke behaviour at a
speed that allows for real-time emulation. This is made possible by additional components
collaborate with the solver to deal with rigid bodies and adjust simulated results based on a
correction layer that utilizes the feedback from the physical environment, provided by the IoT

sensor network.

Stam introduced a simplified version of the Navier-Stokes Equations of fluid dynamics, by ap-
plying a two-step linearization. The first is the progression of the fluid’s density over the sim-
ulation domain and the second is progression of the velocity vector field that affects the den-
sity. The algorithm would alternate between solving these two main steps alongside simpler
steps to guarantee convergence in the simulation. The equation governing the flow’s density p

from Navier-Stokes Equations can be simplified to

J
a—’t’:—(uV)p 1 kV2p 4, (2.1)

where u is the velocity in an arbitrary dimension, k denotes diffusivity property of the fluid,
and S represents smoke source injecting density into the simulation space. Whereas the equa-
tion governing the velocity fields can be written as

(9u 2 .

5= —(u-V)u+ uV-u+F + Conservation Term, (2.2)

where U is the viscosity property of fluid , and F is the injected force in the dimension .

2.4 Emulator Smoke Procedures

2.4.1 Smoke Diffusion

Smoke diffusion is the first layer that is used to diffuse the smoke particles in the space. The
diffusion process depends mainly on smoke density where the smoke is moving physically
from high concentration to low concentration even if there is no moving fluid around. The
diffusion depends on the time step, the density grid, cell size and the diffusion rate hyper-
parameters. List 2.1 shows the diffusion implementation algorithm and figure 2.4 is showing

the diffusion effect without adding any other layers such as the advection layer. The smoke
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is able to move by itself without any external forces. The diffusion is different when dealing
with rigid bodies such as walls which will be explained later. This layer was originally pro-
posed by Stam’s solver, but it is modified in the proposed system to deal with the rigid bodies

in the environment using the permitivity factor.

def diffuse(prop, prop0, diff, wall_flag):
o
Calculates the central difference coeffecients and calls the stable linear solver
:param prop: the property at this moment
:param propO: the property at the previous state
:param diff: the rate the property diffuses to neighbouring cells
:param wall_flag: identifies the property at hand
o
# cl , c2 : scales
cl = dt * diff * nx * ny
c2 =1+ 4 % ci
stable_lin_sol(prop, prop0, cil, c2, wall_flag)

LISTING 2.1: Smoke diffusion algorithm

2.4.2 Smoke Velocity Advection

Advection is the process of moving smoke in the direction of the fluid, this process requires to
generate velocity vector field developing overtime to move the smoke particles. The velocity
vector in the emulator is generated by list 2.2 and the vector field changes at the rigid bodies
boundaries which will be explained in the physical component section. Figure 2.5 shows the
development of the velocity vector field at different time-step of the simulator, and it is obvi-
ous that the rigid body stops the velocity vector horizontal component and prevent the smoke
from spreading through. Figure 2.6 shows the smoke advection process; however, the smoke

does not include any turbulence, which is against the nature of the smoke fluid.

def advect(prop, prop0, u_x, v_y, wall_flag):
moves the property cells locations back in time to calculate the values
of the current cells
:param prop: the property at hand at the current moment

:param propO: the property at the previous moment
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FIGURE 2.4: Smoke diffusion layer
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Velocity Vector Field
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FIGURE 2.5: Velocity vector field
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:param u_x: the field that affects motion in the x-dir

:param v_y: the field that affects motion in the y-dir

:param wall_flag: identifies the property

wun

# obtain the indices of the grid except for the BC cells outside the screen
j, i = np.indices((ny, nx)) + 1

x =i - dt * nx * v_y[j, il # the corresponding x-pos back in time

y = j - dt * ny * u_x[j, i] # the corresponding y-pos back in time

# remove indices outside the x range of the window
x_exact = np.minimum(x, nx + 0.5)

x_exact = np.maximum(x_exact, 0.5)

x0 = x_exact.astype(dtype=int) # the x-positions prior to the exact x-value
x1 = x0 + 1 # the x-positions post the exact x-value

dx = x_exact - x0 # the ratio of inheritance

# remove indices outside the y range of the window
y_exact = np.minimum(y, ny + 0.5)

y_exact = np.maximum(y_exact, 0.5)

yO = y_exact.astype(dtype=int) # the y-positions prior to the exact y-value

yi
dy = y_exact - y0O # the ratio of inheritance

yO + 1 # the y-positions post the exact y-value

# calculates the portion (the back in time cell) inherits from the nearest four

yo_x0 = (1 - dy) * (1 - dx) * propO[y0, xO0]
yo_x1 = (1 - dy) * dx * propO[y0, x1]
y1_x0 = dy * (1 - dx) * propO[y1l, x0]

yl_x1 dy * dx * propO[yl, x1]
# reset the cells densities after calculation
if wall_flag == ’d’:

_reset_prop(prop)

# the new cell density = the density at its location back in
# time = sum of portions from the nearest four cells

proplidx(i, j, 0)] = yO_x0 + yO_x1 + y1_x0 + yi_x1

bound_cond (prop, wall_flag)

cells

LISTING 2.2: Advection algorithm

2.4.3 Vorticity Confinement Layer

The basic smoke solver has some drawbacks such as the gradual dissipation, which prevent it

from depicting the smoke behavior realistically. The gradual dissipation happens because the
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Advection Layer
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FIGURE 2.6: Advection layer
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iterations of the linear solver that removes turbulent vortexes behavior of smoke propagation
thus making it unable to simulate smoke accurately. In order to overcome the gradual dissipa-
tion, vorticity confinement technique [47] [48] is used to provide a solution for the vorticity
dampening by injecting back the energy dissipated into the simulation. By modifying and in-
tegrating the vorticity confinement layer (VCL) in list 2.3 into the solver, it can simulate the

vorticity of smoke by calculating the curl of the velocity vector using
o=Vxu, (2.3)
where @ denotes the vorticity value. The normalized force F is calculated and injected back
to the velocity vector field using
F =¢€h(N x o), (2.4)

where € is the injection hyper-parameter, and /4 is the length of cell’s edge, N which are nor-

malized vectors from higher vorticity areas to lower vorticity ones.

def vorticity_confinement(vel_y, vel_x):
o
adds back in the dissipated energy from the diffusion step
in the shape of smoke vortices
:param vel_y: the velocity in the y-direction
:param vel_x: the velocity in the x-direction
:return: None

nnn

y, X = np.indices(vel_x.shape)

# generate neighbours indexes

y_.1 =y + 1

y_1[y_1 == y_1.shape[0]] = -1
x_1 =x + 1
x_1[x_1 == x_1.shape[1]] = -1

curl = (vel_x[y_1, x] - vel_x[y - 1, x]) + \
(vel_yly, x - 11 - vel_yly, x_11)

curl_abs = abs(curl)

vortex_x = curl_abs[y, x_1] - curl_abs[y, x - 1]
vortex_y = curl_abs[y - 1, x] - curl_abs[y_1, x]
vortex_abs = np.sqrt(vortex_x ** 2 + vortex_y *x 2)
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norm_vortex_x = vortex_x / vortex_abs

norm_vortex_y = vortex_y / vortex_abs

# to remove info or nan coming from devision by vortex_abs in case O
np.nan_to_num(norm_vortex_x, copy=False)

np.nan_to_num(norm_vortex_y, copy=False)

# (nx / (nx + ny)) = hyper-parameter curl:
vel_x += (nx / (nx + ny)) * curl * norm_vortex_x

vel_y += (ny / (nx + ny)) * curl * norm_vortex._y

LISTING 2.3: Vorticity confinement layer algorithm

Fig. 2.7 shows the effect of the vorticity confinement layer that boosts the small dampened
vortices from the iterations of the linear approximation solver. Even though it adds little de-
tails compared to the results post integration of advection layer, these details are key behavior

of smoke and can modify its propagation characteristics significantly with time.

2.4.4 Emulator Physical Components

The engine gives the user the ability to tune many parameters to achieve a realistic scenario
close to FDS.

2.4.4.1 Fire Source Implementation

The user can control the fire properties such as the location on the map, the amount of the re-
leased smoke, the fire’s life-time, and the fire’s size. For instance, the system can measure
the Oxygen level using IoT sensors and damp the fire accordingly if the oxygen is low. The
fire source class in listing 2.4 shows the main methods and properties of the fire. The propel
method is used to randomly add velocity component around the fire location in order to move

the generated smoke that is assigned in the ignite method.

class Source: # Smoke Source
def __init__(self, pos, radius, fade, volatile, power):
self .pos = pos

# radius of the source (range of pixels that are randomized to be full)
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FIGURE 2.7: Vorticity confinement layer
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self.radius = radius

# no. of pixels saturated per cycle

self.intensity = power if power <= radius ** 2 else radius *x 2
self.count = 0 # count down timer for putting off the source
self.fade = fade # make the source able to die out

self .volatile = volatile

shape_y, shape_x = np.indices((2 * self.radius, 2 * self.radius))

idx_x = shape_x + (self.pos[0] - self.radius)

idx_y = shape_y + (self.pos[1] - self.radius)

distance = np.sqrt((idx_x - self.pos[0]) **x 2 + (idx_y - self.pos[1]) *x*x 2)

self.indexes = idx_y[distance <= self.radius].ravel(), \\

idx_x[distance <= self.radius].ravel ()

def propel(self):
u_x, v_y = np.mean(vel_x[self.indexes]), np.mean(vel_y[self.indexes])
theta = np.arctan2(u_x, v_y)
vel_x[self.indexes] = 0.25 * np.sin(theta)
vel_y[self.indexes] = 0.25 * np.cos(theta)

def ignite(self):

nnn

Fills the density grid cells within the source radius with smoke randomly
# allows overlapping - simple approach
#for counter in range(self.intensity):

if self.volatile:

rand_indexes = random.choices(range(len(self.indexes[0])), k=self.intensity)
y = self.indexes [0][rand_indexes]
x = self.indexes[1][rand_indexes]
else:
y, ¥ = self.indexes

if self.count <= 150:
dens [y, x] = 255 - self.count # value decreases gradually
self.count += 1 if self.fade else O

else:

sources .remove (self)

LISTING 2.4: Source Class

2.4.4.2 Walls Implementation

The implement_walls function works the same way as the bound_cond function. Simply giv-
ing the walls’ cells opposite velocities to those of their neighbors to reflect the smoke when it

hits the wall. The wall’s cells will have the same density as their neighbours to prevent smoke
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from swapping between the walls and the zones with additional conditions to prevent that as

well.

def _implement_walls(prop, flag):
nnn
Keeps the behaviour of the walls consistent
:param prop: the property to correct the conditions of
:param flag: the property flag - distinguish different properties

nnn

# if speed in x-dir make the velocity of wall cells the reverse of the neighbour velocities

if flag == ’x’:
grid.vel_x[dpkg(grid.wall_indexes_v)] = -grid.vel_x[dpkg(grid.neigh_prime_v)]
elif flag == ’y’:
grid.vel_y[dpkg(grid.wall_indexes_h)] = -grid.vel_y[dpkg(grid.neigh_prime_h)]
elif flag == ’c’: # if gradient of velocity field (called by energy conservation step)

# copy property to keep behaviour consistent

prop [dpkg(grid.wall_indexes)] = propl[dpkg(grid.neigh_prime)]
else: # if the property is the demnsity

# copy property to keep behaviour consistent

prop[dpkg(grid.wall_indexes)] = prop[dpkg(grid.neigh_prime)]

prop [dpkg(grid.lines_edges)] = propl[dpkg(grid.edges_neigh)]

LISTING 2.5: Wall algorithm

2.4.4.3 Doors Implementation

Doors are not ordinary obstacles as they normally block the smoke when the pressure differ-
ence between the door’s sides are small and allows portion of smoke to leak at high pressure
difference. They have two concepts in our implementation. The first is the proportionality of
a leak’s volume to the gaps in the door frame. These gaps are represented as cells with a per-
mittivity factor that allows a portion of the smoke’s particles traversing them to pass while

blocking the rest.

To implement this concept, another property is added to the emulator holding the permittivity
values. This layer is integrated with the density advection step of the basic solver. The origi-
nal solver density advection step[46] is replaced with the following proposed density advec-

tion equation

1 1
dij=di ;% + (1—e)(d =Y Y xSy di ™), (2.5)
k=01=0
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where df, ; denotes the cell’s density post advection, df;m denotes the cell’s density prior to
advection, Ar denotes the time step value, &; ; denotes the cell’s permittivity, dy, denotes the
neighbor cell’s distance to the prior center in x-axis, dy, denotes the neighbor cell’s distance to
the prior center in y-axis, and d,’(le’ denotes the neighbor cell’s density prior to advection. The
factor of the cross-section can take values from O to 2, to control the cell’s permittivity as the

cell acts as a rigid body at 0, and as an open space at 2.

This proposed step simply updates the cell’s density as the density prior to the advection with
the addition of a density change controlled through the permittivity hyperparameter.

The second concept is leaking velocity based on the pressure difference, it is implemented in
list 2.6. It alters the boundary condition of the original solver for the velocity advection step
to control the amount of perpendicular reflected velocities by the door. The proposed step for
implementing leakages fully depends on the neighboring cells on the side with higher pres-

sure, which is computed from

wij=—(1=¢ij) WP, (2.6)

where w; ; represents the velocity component normal to the door, ¢;; represents the leakage
hyper-parameter, and wp,,, represents the cell’s neighbor on the higher pressure side. ¢; ; is

determined in terms of the cross section of the door.

def _implement_doors(prop, flag):
nnn
Keeps the behaviour of the walls consistent
:param prop: the property to correct the conditions of
:param flag: the property flag - distinguish different properties
nnn
# get any obstacle cells that should leaks
leaking_indexes, leaking_neigh = _find_leaks ()
# getting the cells ont the other side in order to leak to

shift_leak = leaking_indexes - leaking_neigh

if flag == ’x’ or flag == ’y’: # if speed in x-dir or not demnsity > mirror
# make the velocity of wall cells the reverse of the neighbour velocities
grid.vel_x[dpkg(grid.doors_indexes)] = - 0.99 x\\
grid.vel_x[dpkg(grid.doors_neighbours)]
grid.vel_y[dpkg(grid.doors_indexes)] = - 0.99 * \\
grid.vel_y[dpkg(grid.doors_neighbours)]
if any(leaking_indexes[0]): # if any cells should leak

# copy the leaking indexes velocities from neighbouring indexes
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grid.vel_x[dpkg(leaking_indexes)] = grid.vel_x[dpkg(leaking_neigh)]
grid.vel_y[dpkg(leaking_indexes)] = grid.vel_y[dpkg(leaking_neigh)]
# copy the same velocities to the cells on the other side

# as well (create leaking channels/tubes)

# control the leaking speed (0.0 to 1.0)

grid.vel_x[dpkg(leaking_indexes + shift_leak)] 0.4 x \\
grid.vel_x[dpkg(leaking_neigh)]
grid.vel_y[dpkg(leaking_indexes + shift_leak)] = 0.4 x*\\

grid.vel_y[dpkg(leaking_neigh)]

# if gradient of velocity field (called by energy conservation step)
elif flag == ’c’:
# copy property to keep behaviour consistent

prop [dpkg(grid.doors_indexes)] = prop[dpkg(grid.doors_neighbours)]
else: # if the property is the density

# copy property to keep behaviour consistent

prop [dpkg(grid.doors_indexes)] = prop[dpkg(grid.doors_neighbours)]

# if the leakage memory has elements (the sim includes walls)

if len(grid.leak_memory):

grid.leak_memory += 0.05 * prop[dpkg(grid.leak_neigh)]

LISTING 2.6: Doors algorithm

2.4.5 Emulator Hyper-parameters Tuning

The following section explains the process of calibrating and tuning the emulator’s hyper-
parameters, which affects the smoke behavior in the proposed emulator. Figure 2.8 is show-
ing the performance of two different simulation values when the diffusion rate equals 0.02 on
the right and when the value is 0.00002. The higher value of the diffusion rate will cause the
source to dampen quickly as shown in figure 2.8, where a bigger portion of the smoke will be

distributed from the cell to the neighbours.

The viscosity is a material property, which identify the friction between the layers of the fluid.
Figure 2.9 shows that the fluid can adapt to the viscosity where on the left side the fluid is

moving slower than the right side because of its high viscosity value.

The VCL works on boosting the dampened vorticity to increase the smoke turbulence, it uses

a vorticity hyper-parameter which can effect the fluid performance as shown in figure 2.10.

Figure 2.11 shows the effect of the iteration that the solver takes to to produce a single time-
step frame, more iteration will give a more detailed simulation; howeyver, it takes longer time

which is not allowed in this system.
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Diffusion Rate Hyperparameter Comparison

Smoke Saturation Percentage (%)

0.0 20.0 40.0 60.0 86.0 100.0
(A) Diffusion Rate= 0.02 - Sim Time: 25.0s Diffusion Rate= 0.0002 - Sim Time: 25.0s

(B) Diffusion Rate= 0.02 - Sim Time: 50.0s Diffusion Rate= 0.0002 - Sim Time: 50.0s

(C) Diffusion Rate= 0.02 - Sim Time: 75.0s Diffusion Rate= 0.0002 - Sim Time: 75.0s

FIGURE 2.8: Diffusion rate hyper-parameter comparison
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Viscosity Hyperparameter Comparison

Smoke Saturation Percentage (%)

0.0 20.0 40.0 60.0 80.0 100.0

(A)  Viscosity= 0.0005 - Sim Time: 25.0s Viscosity= 1e-05 - Sim Time: 25.0s

(B)

Viscosity= 0.0005 - Sim Time: 50.0s

Viscosity= 1e-05 - Sim Time: 50.0s

(C)  viscosity= 0.0005 - Sim Time: 75.0s

Viscosity= 1e-05 - Sim Time: 75.0s

FIGURE 2.9: Viscosity hyper-parameter comparison
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Vorticity Hyperparameter Comparison

Smoke Saturation Percentage (%)

0.0 20.0 40.0 60.0 80.0 100.0
(A) Vorticity= 0.05 - Sim Time: 25.0s Vorticity= 0.7 - Sim Time: 25.0s

Vorticity= 0.05 - Sim Time: 50.0s Vorticity= 0.7 - Sim Time: 50.0s

(C) Vorticity= 0.7 - Sim Time: 75.0s

Vorticity= 0.05 - Sim Time: 75.0s

FIGURE 2.10: Vorticity hyper-parameter comparison
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TABLE 2.1: Final emulator hyper-parameters

Parameter Value
time step 0.25

cell size 6
viscosity .0000001
diffusion rate 0.0002
vorticity rate 0.7
number of iterations 12

Table 2.1 shows the final tuned hyper-parameters that is used for the emulator and gives be-

haviour close to FDS after further analysis.
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lterations Hyperparameter Comparison

Smoke Saturation Percentage (%)

0.0 20.0 40.0 60.0 80.0 100.0
(A) iterations= 5 - Sim Time: 25.0s iterations= 17 - Sim Time: 25.0s

(B) iterations= 5 - Sim Time: 50.0s iterations= 17 - Sim Time: 50.0s

(C) iterations= 5 - Sim Time: 75.0s iterations= 17 - Sim Time: 75.0s

FIGURE 2.11: Iterations hyper-parameter comparison
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Chapter 3

Hardware Nodes

3.1 Introduction

The Internet of things has a remarkable impact on many fields includes, but not limited to,
agriculture, environment, smart cities, smart building, and health systems. It helps seamlessly
integrating wireless sensors network (WSN) with the cloud, which eases data acquisition. The
collected data help to build powerful analysis models to solve a wide range of complicated
problems. The new WSN covers different scale from smart house to large urban area that
makes it able to cover many fields such as space monitoring, tracking assets, navigation sys-
tems, and more. The growth of IoT is facing many challenges to make it more reliable such as
security, power consumption, communication range, and latency. These challenges requires

a new hardware implementation to run faster with less power, and new communication tech-
nologies to cover vast distances with high encryption light-weight algorithm. It also needs
low latency cloud protocols to transfer the data in real-time to enhance the system response in
order to get data or take actions. In the following sections, the iterations of the hardware im-
plementation will be discussed to illustrate the steps that were taken to ensure low latency and

low power consumption without giving up the performance.
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3.2 Sensors Node

The emulator uses the sensors’ data to correct the results from any deviation that might occurs
due to the light-weight smoke engine. This will make digital twins [49], which helps in under-
stand the fire scene better. The nodes also help to detect different events in the environment
more than the pressure and temperature. It can detect the door status, which will cause smoke
to spread if it is opened. The nodes help in monitoring the fire development better to make
better decisions. The 10T devices measure the temperature, pressure, humidity, motion activity
,and door’s status, which is used by the emulator engine and the evacuation plan. The nodes

went through different iterations in order to reach the optimal design that fits the problem.

The optimal design should fit the data type. Normally, the data has two types, where it might
change with a low rate ,such as the temperature inside the building. it can be measured each

minute instead of each second, which is acceptable in this context. However, the temperature
in the fire scenario is crucial, where the emulator needs it at a higher rate than usual. The em-
ulator should receive an update each on 250 millisecond . The hardware needs to adapt to the

system’s requirements to reach the optimal design.

The node has three design iterations. the first iteration uses LoRa communication that sup-
ports low power consumption for data transmission and can cover big areas. The second it-
eration uses WiFi to transfer the data with low latency to fit the emulator’s needs. The final
iteration combines the advantages of the first two designs in order to save more power, which

is a huge key factor for a reliable [oT solution.

3.2.1 First Design: LoRa Communication

Iteration one uses LoRa for communication as it covers long-range up to 15 km and has a low
power consumption[S0][51][52]. The typical LoRa architecture contains an end-device with
LoRa transceiver, a gateway with LoRa transceiver, and an internet connection and a cloud, as
shown in figure 3.3. LoRa communication uses the chirp spreading spectrum figure 3.1, which
modulates the chirps to encode the data. By using Software-defined radio setup and listening
to frequency 902.3 MHz, the graph in figure 3.1 is plotted as a demodulated FM signal. The
chirps are a linear frequency change that represents different symbols by different frequencies

sequences to describe the payload, as shown in figure 3.1. LoRa has two different transmis-

32



Radio Parameters:
Bandwidth =125kHz
Spreading Factor = 12
Frequency = 915MHz

Up-chirp

|
/.

~<— Preamble l—)—

FIGURE 3.1: Chirp Spreading Spectrum Modulation

| Exciplicit Mode |

Payload Payload
Preamble i CR CRC present? Payload CRC
Implicit Mode
Payload
Preamble Payload CRC

FIGURE 3.2: LoRa Packet Structure

sion mode packets, as shown in figure 3.2. The explicit mode contains a header that helps to
recover the data if it has some corruption , and the implicit mode does not include the header
in the package which is faster than the first mode. The LoRa transmission starts the message
with a preamble that contains eight up-chirps to inform the receiver for start reception. LoRa’s
radio parameters can control the latency, the data rate, the time-on-air, and the coverage of

the device. The radio parameters need to be matched between the transmitter and receiver to
have data transfer. For instance, the spreading factor must be the same for the transmitter and
receiver. The chips construct the symbols that form the message. The spreading factor param-

eter (SF) can control the number of chips in the symbol where
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chips/symbol =257 ; {SF =7,8,9,10,11,12}. (3.1)

The bandwidth parameter control the time, that the chip takes on air where

1
Ton-air/chip = 7+ {BW = 125,250, 500K Hz}. (32)

Another important parameter in the LoRa payload is the code rate, which defines the ratio
between the cyclic redundant check (CRC) and the data in the message. The CRC value can

be calculated from

CRC = ;{crc =1,2,3,4,5}. (3.3)

4+ crc

LoRa Connection

Gansdors » H . . Gatewa \

y

FIGURE 3.3: LoRa System Architect

By considering a message that has 10 bytes of data, preamble = 8 bytes, CRC = 4/5, BW =
125 KHz, and SF = 7; this message will take 41.22 milliseconds , which is a significantly con-
siderable number. This node must be silent for 4.08 seconds before the next transmission ac-
cording to the ISM regulation that requires a duty cycle equals .1-1% for each device on the

channel. Tuning the radio parameters can reduce the latency, as shown in figure 3.4 and table
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3.1. The only advantage of this technology is transmitting a low data rate that covers a wide
range with low power consumption. Figure 3.4 shows the performance of the LoRa with dif-
ferent radio parameters. Changing the bandwidth and spreading factor can control the cover-
age distance, the data rate, and the on-air-time, which can specify the number of nodes in the
WSN. Increasing the SF will increase the time-on-air, for instance, SF 8 will take twice the
time of SF 7 when bandwidth is the same. By comparing case 2 and case 4 from table 3.1, it
is clear that the RSSI signal is almost the same in these two conditions, but in case 2, it takes
four times more time-on-air, which consumes more power and reduce the number of the de-
vices in this channel. Selecting a good operating parameters for LoRa node can help to save

more power, reduce the data latency, and have more nodes in the network.

TABLE 3.1: LoRa Radio Parameters Comparison the data represents average of 100 payload
measurements for indoor operation

Case SF BW (KHz) Time-on-Air(ms) RSSI
casel 7 125 41.2 -48
case2 12 125 991.3 -65
case3 7 500 3.4 -59
case4 12 500 247 -65

The LoRa design uses RFM95 LoRa module, BME280 pressure sensor, Atmega 32u4 micro-
controller. The current consumption is measured to optimize all the designs by using INA219
module that allows to measure the current using I2C interface with a micro-controller. Figure
3.5 shows that the current consumption of the node has average equals 42.5 mA, which will

consume a 3000 mAh battery in 70.59 hours.

3.2.2 Second Design: WiFi Communication

The second method scenario uses WiFi. It is consuming more current, as shown in figure 3.6,
where the average current consumption equals 75.3 mA. This design will allow a 3000 mAH
battery to run this node for 39.84 hours, which is a concise life span. However, it is suitable
for short-range and high data-rate. ESP32 micro-controller orchestrates the sensors in the
hardware node and handles the wireless communication with its on-board WiFi peripheral. It
uses WiFi to communicate with the emulator using MQTT, which is a very light-weight mes-
saging protocol [53][54]. MQTT has two main components, the broker and the end-devices.

The devices are connected to the broker with an open connection to transfer data both ways
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FIGURE 3.4: LoRa Radio Indoors Comparison

at any time. The devices send list of the subscribed topics to the broker when it initiates the
communication for the first time . The node publishes messages on a specific topics according
to the data type; then the broker routes these messages to all devices that are subscribing to
this topic. MQTT has parameters that guarantees high data delivery named quality of service
(QoS) according to table 2. This protocol helps to connect all the sensors nodes and exit signs
to the emulator seamlessly to get the data and control the evacuation routes. Figure 3.7 shows
the structure of this scenario. The motion sensor uses microwaves to detect the motion based
on Doppler effect: however, it has glitches coming from the WiFi signals which requires con-
necting the sensor to interrupt service route to count the frequency of the incoming pulses to

distinguish between the glitches and the actual motion.

The node uses QoS equals two as the data delivery is a must to correct the emulator.
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TABLE 3.2: Quality of Service Parameter

QoS Value Description

0 at most once delivery
1 at least once delivery
2 Exactly once delivery

3.2.3 Final Design: Dual Communication

The core concept in this implementation is the data type. When the data has slow-rate in nor-
mal circumstances, it will be reported at a lower rate, for instance, every 60 seconds. When
there is a fire, the data should be reported at a high rate to update the emulator faster. The ar-
chitecture of the ESP32 micro-controller allows combining these to methods using its SoC
peripherals. ESP32 has two cores, ultra low power processor, and RTC unit. The ESP32 can
go to sleep mode and be programmed to wake-up after certain time using the RTC, which has
also interrupt pins that can wake-up the ESP32 at any time from any external source such as

fire sensor or motion detector.

Figure 3.8 shows the state operation of the low power design, wherein normal operation,
ESP32 wakes up to measure pressure, temperature, and humidity. After the data measure-

ments, it initiates the LoRa module, then sends the data and goes back to sleep mode for 60
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seconds. When there is a fire, the interrupt pin will kick the RTC to wake up the ESP32. In
this case, ESP32 operates with WiFi, it will connect to the access point and the MQTT broker,
and it will start publishing the data every 250 milliseconds.

The normal operation consumes about 46.3 mA as shown in figure 3.9 and the cycle of opera-

tion is about 1.5 seconds.

Figure 3.9 shows the debugging serial monitor and the execution time that is taken per cycle.

The difference between the measured cycle in figure 3.9 and the reported time in figure 3.10
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equals 436 millisecond, which is the transmission time between the sleep mode and operation
mode. This latency is acceptable in the node operation to get the data. This implementation
allows the node to operate on a 3000 mAh battery for 88 days with a reporting rate equals one

report per minute.

The first response time in the fire scenario will be more as the nodes consumes more time to

39



& COM63 = | X

-

| Send

ho 0 tail 12 room 4 ~
load: 0x40080400, len: 6352

entry 0x400806k8

EXT0 Test ... Pre-scheduled Update

Found a sensor continuing

temperature: 26.54 Hymidity: 18.03 Pressure: 1002.88

Going to sleep now.. Processor Excuation time
ets Jun & 201& 00:22:57

rst:0x5 (DEEPSLEEF RESET),boot:0x17 (SPI_FAST FLASH EOOT)
configsip: 0, SPIWE:(Oxee

clk drv:0x00,q drv:0x00,d drv:0x00,cs0_drv:0x00,hd drv:0x00,wp drv:0x00
mode:DIC, clock diw:l

load: 0x3£f££0018, len: 4

load: 0x3f£ff001c, len:1216

ho 0 tail 12 room 4

load: 0x40078000, len:=9720

ho 0 tail 12 room 4

load: 040080400, len: 6352

entry 0x400806k8

EXT0 Test ... Pre-scheduled Update

Found a sensor continuing

temperaturs: 26.54 Hymiditsy: 18.12 Pressure: 1002.88

Going to sleep now.. 1068 | Processor Excuation time v
R o

< >

Autoscroll [ Show timestamp Both ML & CR  ~ 115200 baud Clear output

FIGURE 3.10: ESP32 Normal Operation Terminal

connect to the access point and the MQTT-Broker. Figure 3.11 shows the response time that
the board takes from fire interrupt signal to the first payload transmission that equals 2.426
seconds, which is a reasonable time to get the very first fire alert. After getting the first re-

sponse, the data latency will be around 5 ms.
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Chapter 4

Deep Learning for The Emulator

This chapter provides the usage of deep learning in the Emulator in order to cover the tempo-

rary data missing and to provide future prediction window.

4.1 Data Streaming over a Congestion Network

Data delivery is crucial to the emulator, as mentioned previously. The absence of the data
caused by sensor damage, offline, resetting, or the data latency will cause the emulator to di-
verge over time. A developed algorithm evaluates the performance of MQTT latency over

a congested network, as shown in figure 4.1. The algorithm creates different clients, which
operates in parallel to transmit messages to simulate a busy system. The subscriber receives
the messages and calculates the data latency based on the transmission and reception time,

as shown in figure 4.2. The analysis of the received data shows that over a congestion net-
work, the latency of the messages might reach to four seconds. To solve the latency problem,
a Long Short Term Memory is used to provide a prediction window in order to have a consis-

tent stream of data. This solution will be explained in more detail in the following sections.
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4.2 Artificial Neural Network

Artificial Neural Network (ANN) is inspired by the way of processing different types of in-
formation in the human brain [55]. The basic building block of ANN is the node which acts
similar to the biological neuron. The node joins the weighted inputs together and applies an
activation function on them. The weighted connections represent the strength of the connec-
tion between the nodes and the important of the features for desired output. The basic neuron

can separate two simple classes as shown in figure 4.3. The neuron is represented as:

y=W-X+b, 4.1)

where y is the neural output, W is the weights of the inputs, X is the input vector, and b is the

bias.

Different activation functions are represented in Fig. 4.4. These activation functions help pro-
cess the data efficiently and add some non-linearity to the output. For instance, it helps in sep-

arating the non-linear boundary classes.
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FIGURE 4.4: Neural Network Activation Functions

ANN has different forms such as feed-forward networks and feedback networks. The feed-

back network, also known as recurrent neural network RNN, will be explained later.
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4.3 Neural Network Structure

In order to give the ANN, the ability to solve a complicated problem, we need to use a multi-

layer perceptron (MLP). The nodes can be arranged in stacked layers that form the overall

ANN architecture as shown in figure 4.5.

There are three types of layers:

o the input layer holds the input independent data features;

e the hidden layers work on combing the input features and try to find the pattern in the
data.

e the output layer provides the output according to the task and number of classes.

4.4 Network Training

After designing the ANN, the weights of the nodes need to be adjusted to achieve their task.
The process of getting the new weights is called training and it starts by splitting the data into
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training data-set and testing data-set, which will be used later to evaluate the model perfor-
mance. Random weights will initiate the model, and the training data-set will be used to cal-

culate the error function,

Fle)=y—Y 4.2)

where e is the error, y is the actual output, Y is the predicted output.

The goal of the training process is to minimize the error function by finding the global min-
imum, which can be achieved using gradient descent. The gradient descent is an optimiza-
tion algorithm that calculates the maximum gradient of each weight to the error function and
propagates in the other direction to get the minimum error. The back-propagation algorithm is

using gradient descent to optimize the weights as

dfe

&w,-’

wii=w;+2.0. 4.3)

where wj is the weight to optimize, « is the learning rate. The error function can be calculated
for all data record, which is known as gradient descent. It has a single update step that is cal-
culated after one cycle of the entire training data-set, which makes it a very slow algorithm
[56]. The solution to this problem is using stochastic gradient descent [57], where the error

is calculated for each data point in the training set. This will update the weights after every
training data point. Batch gradient descent is another technique that calculates the error after

certain amount of training points then it updates the weights.

4.5 Network Over-fitting

One of the neural network problems is data over-fitting as shown in figure 4.6-a, where the
network is fitting only to a set of input data. Dropout [58] is one of the regularization tech-

niques that are used to solve this problem as it forces all the weights to update in the training
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process. This method is based on randomly deactivating some neurons as shown in figure 4.6-
b in the training steps to give the network the ability to recognize more features and relations

in the input data.

FIGURE 4.6: Over-fitting problem and solution
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FIGURE 4.7: Recurrent neural network architecture

4.6 Recurrent Neural Network

A feed-forward neural network works to classify objects using the input data at the current
moment only. In our system, we need to predict the future data [59] from the historical data in
order to keep the emulator stable. This solution helps in case the data are temporary missed,
which requires the neural network to have a feedback to predict the next value. This can be
achieved using Recurrent Neural Network (RNN). Figure 4.7 shows the main structure of the

RNN, where the training process is used to find the values of V, W, and U, which are shared
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in the entire network. S represents the hidden state that is calculated using non-linear func-
tion such as Tanh and ReLu and it depends on the current input and the last hidden state. The

hidden state represents the historical information of the data and can be calculated as,

S[:f(W‘St_],Xt'U), (44)

where S; denotes the current hidden state of the cell, W and U denote the weights and X de-

notes the cell input. The output can be written as,

O, =V-5§, 4.5)

where O; denotes the current output and V' denotes the weight.

The non-linear functions make the RNN have a shorter memory that is known as a vanish-
ing gradient[60], which occurs by multiplying small weights of the layers together. The non-
linear functions contribute to this problem by squeezing the input data to smaller values be-
tween -1 and 1 when using tanh and 0 and 1 when using sigmoid. As a result of the vanishing

gradient, the network will have a shallow memory and can not use old data efficiently.

4.7 Long Short Term Memory

To solve the vanishing gradient, a new cell structure of Long Short Term Memory (LSTM)

[61] is introduced, as shown in figure 4.8.

LSTM has four main components forget gate, input gate, cell state, and output gate. The new
input and the old hidden state are combined to form the combined input. The forget gate ap-
plies Sigmoid function on the combined input to decide to use the cell state line or not. It has
output between 0 and 1 where 0 means blocking the old cell state and 1 means allowing all
the cell state to go through the line. The input gate applies Sigmoid and Tanh function on the
combined input and uses the output to update the cell state. The cell state is updated by the
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output of the input gate and the forget gate. The output gate uses the combined input with the
new cell state to predict the pressure in our case which is also the hidden state for the next

time step. This design gives the network the ability to use older sequential data.

4.8 Data Pre-Processing and Training

The data pre-processing is a crucial step to have a good deep learning model. There are many
techniques that can be followed such as data normalization. Data normalization scales each
data input category from O to 1, thus avoiding a biased model to certain features. For the pro-
posed LSTM network, the input data includes 50 readings for the current time and the past
49 each reading have two value, the pressure and the temperature. Keras library [62] is used
to configure and train the LSTM as shown in list 4.1 and figure 4.9. It includes 3 input layers
each of them has dropout equals 0.2 and dense layer at the end to output the next predicted
value. It uses mean square error [63] to evaluate the model in the training process. The data
are splited into training data-set with 70% of the data and 30% for the testing. The evaluation
of the model is done for case 1 on the testing data-set and the entire output of FDS for case 2

in order to validate that the model does not overfit to a certrain case .

def configure_model (self,):
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self .model.add (LSTM(units=50, return_sequences= True,\\
input_shape=(self.X.shape[1],2)))
self .model.add(Dropout (.2))

for i in range(2):

self .model.add (LSTM(units=50, return_sequences=True))
self .model.add (Dropout (.2))

self.
self

self.
self.
self.

model.

.model

model

model.

model.

add (LSTM (units=50))

.add (Dropout (.2))

.add (Dense (units=1))

summary ()

compile(optimizer=’adam’, loss=’mean_squared_error’)

LISTING 4.1: LSTM model configuration

4.9 Data Prediction

In the fire environment, the data is critical to update the emulator; missing data caused by

the high data traffic or the noisy environment might cause trouble for the emulator. LSTM

network predicts the pressure in order to have a stable data stream. The pressure plays an es-

sential rule in moving the air and smoke inside the building. In order to get the training data-

set, the building model was simulated on FDS software, and its output data were used for the

training and testing.

51



The LSTM uses multi-variant input data that contains the temperature and pressure of the
zone to predict the upcoming pressure. In order to evaluate the models, the Mean Absolute

Percentage Error (MAPE) is calculated for all the models as,

MAPE = | (4.6)

1 i | Original Reading — Predicted Reading
Original Reading

n=1
The prediction buffer in Fig. 4.10 receives the sensors’ readings from the hardware nodes
over MQTT. This data fill the LSTM buffer first when the buffer has the last 50 readings. It
can predict the upcoming pressure values in case there is no sudden event. If the data is still
available, the last reading will be added to the buffer, and the oldest value will be removed.
When the data is missed, the model will predict the next data and will send it to the correction
layer and buffer. Different architecture had been tested with different hyper-parameters such
as number of LSTM layers, sequence length, epochs, batch sizes and different missing data

rate the performance of these models appears in table 4.1.
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FIGURE 4.10: Data Tracking and Prediction
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TABLE 4.1: LSTM different hyper-parameters results

Model | LSTM | Batch | Epochs | Input Model missing Error at
ID layers | size size Error Samples missing
data
1 2 5 20 50 2.54 50 2.8
100 3.16
150 3.58
2 2 5 100 50 2.05 50 2.44
100 3.04
150 4.01
3 2 5 100 20 1.75 50 2.07
100 2.5
150 3.17
4 2 5 200 80 1.55 50 1.84
100 2.24
150 2.8
5 2 15 50 20 3.06 50 3.38
100 3.78
150 4.34
6 2 20 100 20 2.57 50 2.84
100 3.17
150 3.6
7 3 5 100 50 .96 50 1.16
100 1.42
150 1.76
8 3 15 50 50 6.53 50 7.17
100 8
150 9.02
9 5 15 50 50 4.2 50 4.4
100 4.73
150 5.14
10 5 15 200 50 1.89 50 2.15
100 2.46
150 2.94
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Model 7 is selected as it has the best performance and the lowest error on the testing data and
when the data are temporarily missed as shown in figure 4.11. Figure 4.12 shows the predic-
tion on case 1 even though the model is not trained in this case, it can predict the pressure
with low error. This indicates that the LSTM network can perform well on different layouts

without new training.
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FIGURE 4.11: Recurrent Neural network Architecture
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Chapter 5

Path Planning

Path planning plays an important role in evacuation and assisting firefighters to evacuate en-
trapped occupants[64]. Our proposed emulator uses a nested searching space that can be seen
as two integrated processes, global level search and local level search. The former handles the
high level details for evacuation routes such as which rooms and doors form the route. The
latter is enabled to integrate with the former level search to provide precise information about
the evacuation routes such as the route’s turns in a small corridor. This is most useful to pri-
oritize evacuations for people with disabilities, fire fighters navigating the building, or rescue
robots through means of position tracking[65]. This method is inspired by how humans solve
relatively simple mazes. If a person glances over a simple maze, they can find a path from
start to goal without details about how it turns corners or which wall side should be traced for
the shortest way out. They can see that an abstract connection of empty spaces from start to
goal exists and further detailed considerations could be taken afterwards. Different search al-
gorithms can be used for each level separately, but to compare results with 1 level search, A*

search algorithm[40] is used for both the global and local levels.

5.1 Global Level

The connections between nodes that were created from the approximate cell decomposition

are based on a connection check that ensures there’s no rigid bodies separating the spaces they
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represent. This level consists of irregularly connected nodes that form a graph search prob-

lem, removing any spatial correlation between nodes.

This also is the most abstract representation of the real space with the least number of nodes
making the search problem much easier. A global level path determines which doors and

rooms to use.

Instead of using an extension of the A* algorithm or its original heuristic[40], a unique heuris-
tic suitable for the problem definition at hand and the discretization technique is developed.

The heuristic function used for the A* algorithm on the global space is

P N
H}()Global) _ Dg)Global) Yk Z Z (Clgo+n +Tiz241r77|i#1> : (5.1)
i=1n=0
where Hz(,Gl()bal) denotes the p;;, node’s heuristic, D;Gl()b“l) denotes its global level distance, kg

denotes the global cost hyper-parameter, N denotes the size of future simulation window for
cost, ¥ denotes the cost discount hyper-parameter, Cfﬁ" denotes the global cost of the " node
at ty + n, Tfff’f denotes the transition cost from /" — 1 to i’ node at #o + n, and #y denotes the

current real time.

The global level distance of an arbitrary node is defined as the smallest number of connections
from that node to the goal node, whereas the cost of a node is the smoke concentration in that
node’s entity relative to the space it represents so that nodes representing larger spaces are not
penalized more. A transition cost term is added to represent the transition between two doors,

which includes the smoke in the calculations.

The coefficient of this weighted sum and the global cost hyper-parameter kg are used to tune
the global search algorithm, enabling it to search for the least number of nodes connecting
start to goal, with the lowest percentage of smoke. The cost term of the heuristic elevates the
fact that the smoke simulator is faster than real time and takes the simulated future cost of the
nodes to stay away from smoke propagation in the future. The impact of the simulated cost
of future time steps is controlled by the hyper-parameter y which takes a value larger than 0
and smaller than 1. The impact of future simulation is included by raising 7 to the power of
n, where n is the order of the simulated step in the future. Setting N to 0 will disregard any
simulated future cost information and the heuristic will use the cost of the current simulated

time step only.
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For each of the nodes corresponding to rooms, a global search process continuously searches
for a global evacuation route, namely the Prime Evacuation Route. All the exit and emergency
signs on this route are controlled to indicate the updated direction towards safety so that it is

possible to achieve a complete evacuation solution for the entire building.

5.2 Local Level

At the local level, the search algorithm chosen will traverse a regularly spaced discretized
space consisting of fixed size cells with spatial connections to their neighbors. The search is
enhanced by refining the allowed pool of cells to search, the frontier, by preventing previously

checked cells from being checked again, then the heuristic for the cells in the pool is calcu-

lated from
p N
(Local) Dyl ~Zl ):0}/” G
H oca, — =1 n= , (5'2)
g 1+ klen Q
where H ;Local) denotes the p;;, cell’s heuristic, Dl(qLocal) denotes its local level distance, kj,

denotes the local cost hyper-parameter, N denotes the size of future simulation window for
cost, ¥ denotes the cost discount hyper-parameter, C§°+n denotes the local cost of the i cell
at to + n, kj., denotes the local path length hyper-parameter, Q denotes the number of cells in
the path from the starting cell to the current one, and #y denotes the current simulation time.
The local level cost of a cell is the smoke saturation in the cell, whereas the local level dis-
tance is simply the euclidean distance to the goal cell. The cost term of the heuristic uses the
hyper-parameter y with a value larger than O and less than 1, similar to the global level search

heuristic, to control the impact of simulated future cost of cells.

The k;.,, hyper-parameter, when tuned properly, does not make the search deviate from finding
the shortest path with the lowest cost, but allows it to use longer paths, in case it searches for a
short path to goal without finding it, for an amount of time before using different cells to lead
to other directions from frontier. In most cases setting k;,,, to O is sufficient to obtain viable
paths but in some extreme cases in which the path needs to take wide turns to goal, setting &;,,,

to a positive value smaller than 0.01 will speed up the search.
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The ability to perform a search on the local level allows the emulator to give evacuation paths
that go around concentrations of smoke in an area such as a room. Even though local search
processes can be independent of global search processes, integrating the two yields better and
faster results. For this reason, any local search problem is translated to a global search then
delegated back to the local level. After finding a global level path, the positions of each two
subsequent nodes, each segment of that path, in the local level will serve as a start and a goal
for one of many sub-paths in the local level. Fig. 5.1 shows how the integrated 2 levels search
is much superior to the 1 level search in terms of adaptability and number of iterations as the
integrated search manages to find an evacuation route faster than the 1 level search. It looks
for a safer evacuation route at the time the 1 level search finds its first, and not the safest,
evacuation route. Although the nodes in the global level do not carry any spatial information,
they have information about their initial position at the local level to serve as a medium for

transforming the search problem between the two levels back and forth.
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Chapter 6

Results and Discussion

6.1 Correction Layer

The deployed IoT nodes in the building are capable of monitoring the space parameters, which
will help make a digital twin with the emulator environment. Each of the nodes has a pressure
sensor, a temperature sensor, a door status sensor, a fire detection[66] sensor, and motion sen-
sor seen in Fig. [6.1]. The correction layer provides the emulator with momentary feedback,
that will be used by many components in the emulator. It also has a display that acts as a dy-
namic exit sign to visualize the best exit route for the occupant. The pressure and temperature
data will correct the emulator’s results from deviations and make the emulator runs similar

to the ground-truth. The door status reading interacts with the rigid bodies layer that changes
the door’s status to control the smoke flow through the door. The motion sensor will allow the
firefighters to detect the occupants’ location faster to minimize the searching and evacuation
time. The routing algorithm controls the exit signs in order to provide the best adaptive exit
route, to minimize smoke exposure and evacuation time[64]. The current implementation uses

the hybrid ESP32 design that collects the data and control the exit signs.

After integrating the above-mentioned layers, the solver can simulate key behaviors of fires
in buildings, but to make it closer to the physical environment state rather than relying only
on the simulated values. Another feedback layer is added to validate and correct the emula-
tor’s output. The emulator uses the readings of the deployed IoT sensor nodes and correct the

emulation output to produce better results for the rooms where the sensors are installed.
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FIGURE 6.1: a) A circuit diagram for the hardware sensor node and its connection with the
system. b) The actual system and the emulator interface
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Each space in the simulation, such as a room, has a timestamped readings’ buffer from its
node. At each iteration of the solver, it performs a correction step to converge gradually to

the ground-truth.

The correction algorithm remains the same regardless of the data transfer scheme is data pool-
ing or data streaming. The correction step for each of the zones uses the most relevant read-
ing, which has the nearest timestamp to the simulation time and has a time offset less than a 5

seconds threshold and is given by

dcorr = (1 - kr ' kc) dsim +kr . kc (dsim — Hsim + dfb)7 (61)

where d.,, denotes the density array of zone’s cells post correction, k, denotes feedback
value relevancy factor, k. denotes correction factor, dy;,, denotes the density array of zone’s
cells prior to correction, L, denotes mean of zone’s cells density array prior to correction,

and dy;, denotes the density value from buffer’s most relevant reading.

The smoke density value of a zone dy, is a scaled value of the pressure reading for this zone

to represent the pressure projection into 2D.

The relevancy factor k, is a normalized value of the time offset between the most relevant
reading in the buffer and the simulation time, whereas the correction factor k. is a hyper-

parameter that controls the responsiveness and speed of the correction.

Fig. 6.2 shows the smoke saturation of a room in a simulation case with a noise subtracted
to represent a case where simulation diverges immensely from the true state inferred from

sensor’s readings.

As seen from Fig. 6.2, the higher k,, the faster the simulation converges to the same saturation
state the sensor indicates, but the high responsiveness of the correction has its own drawback.
The correction step shifts the values of the density of a zone’s cells equally at the moment

of correction so that their mean is closer to the mean of the most relevant reading. The high
correction factor will compromise the consistency of the simulation through time steps. The
correction will boost or dampen the simulated values rapidly, giving the fluid solver too large
of a shift in the density values suddenly. This sudden shift might alter the behavior of the flow
that will not match the ground-truth nor the solver’s result without correction, which will lead

to unreliable simulation.
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FIGURE 6.2: Correction Convergence Comparison

Gaussian noise 1s introduced to the zone’s cells to randomly change the simulated values in
Fig.6.3, shifting the simulated mean and emulating divergence from ground-truth without giv-

ing bias to a certain area of the simulated space.

The trade-off between correction responsiveness and the realism of the corrected simulation
results is shown in Fig. 6.3, where using a high value for &, shifts the mean by a large positive
value and amplifies the characteristics of the flow, which is already deemed divergent due to
the relatively large difference between it and the sensors readings, thus making its character-
istics less reliable even though they have a mean very close to the reading after the correction.
In comparison, using smaller values for k, managed to keep the simulation consistent through

time but took longer to converge to 95% of the reading’s value.

The correction step adjusts all cells in a zone with the same value, but in case of a spatial in-
formation about the sensor location or using multiple sensor nodes in a zone, the correction
step can be adjusted to accommodate the spatial relations between the position of the sim-
ulated cells and the location of the sensors. The spatial information can be introduced as an

array of weights inversely related to the sensors’ euclidean distance.

64



Smoke Saturation Percentage (%)

0.0 20.0 40.0 60.0 80.0 100.0

(A) Simulation before Noise introduced to
emulating divergence emulate divergence

(B) Simulation before Noise introduced to Simulation's convergence to
emulating divergence emulate divergence 5% error of reading after 6.0s

Simulation's convergence to
5% error of reading after 13.25s

Correction Factor = 0.05

Correction Factor = 0.1

(@] Simulation before Noise introduced to Simulation's convergence to
emulating divergence emulate divergence 5% error of reading after 1.0s

Correction Factor = 0.5

FIGURE 6.3: Correction Behavior Comparison

This ability to forecast possible sensor outputs allows for robust and temporally efficient path
planning, even if it is for the very near future. Moreover, the low computation cost of the
solver allows for the update of the smoke and path planning process almost instantaneously

in case of sudden dynamic events in the environment.
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TABLE 6.1: Processing time comparison with FDS

Time Our Emulator FDS without
Simulated | while displaying | displaying results
(Seconds) | results (Seconds) | (Seconds)

60 12.5 86.2
120 26.8 175.5
240 57.6 191

6.2 Comparison with FDS

The comparison between the FDS and this developed emulator has shown similar results in
multiple cases specially after adding the hardware correction layer. However, our emulator
runs much faster so it can be used to run real time prediction whilst FDS has a large computa-
tion overhead, as comparison Table 6.1. The emulator is also capable of handling the dynamic
events better than FDS which requires predefined conditions. Figure 6.4 and figure 6.5 6.2
show that the final solver is able to provide smoke propagation that is similar to FDS results
numerically and visually, and faster than real time in different fire cases. Figure 6.2 shows that
the emulator gives the same saturation that matches the pressure changing in the 3D space and

it has noise immunity that helps to recover in case of any error occurs.

Figure 6.6 shows that performance of the emulator when the door is suddenly opened. The
performance of the proposed emulator on the left is very close to FDS, which indicates that
the emulator can handle sudden events. The sudden events handling in such system is a must

to have a real-time and reliable solution.

Figure 6.5 shows that the interactions with bodies dampen the flow by comparing the smoke
flow characteristics after 40 and 170 simulated seconds from the start of the fire and the re-
sults from FDS for the same moments. It’s extremely visible that the smoke flow in the upper
right room in the simulator has less turbulence and energy whereas FDS simulated flow didn’t

lose any notable amount of the energy source.
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6.3 Search Process

The single iteration of the integrated search algorithm requires more processing than 1 level
search, yet it uses fewer iterations to find the goal in most cases. The 1 level search works bet-
ter in cases where evacuation start and goal points are close to each other and not in contact
with smoke. The two levels search is used mainly to simplify the solution the algorithm needs
to obtain, thus reducing the number of visited cells by the algorithm as well as the number of
iterations to find the goal. The integrated 2 levels search also has a great advantage by making
use of zone information directly at the layout of the building. Fig. 6.7 shows how the 2 levels
search process quickly responds to sudden smoke changes in a very short time while show-
ing the last complete evacuation route during the search for a new safer egress. The fact that
the smoke solver operates faster than real time enables it to provide future paths away from

smoke inhabited zones predicted by the solver.

6.4 Environment Evacuation

The proposed system gives real-time integration with the physical environment through the
IoT layer. As mentioned in the correction layer, the solver corrects its results and updates the
environment state to depict the ground-truth as much as possible, then the simulated results
are used to find prime evacuation routes. The results update the exit and directional signs on
the emulator and the signs in the physical environment through the IoT layer also. Fig. 6.8
shows how the proposed system updates the signs states along with updates of prime evacua-
tion routes. The signs labeled exit are used on each door, while directional signs are used on

zones’ walls to guide evacuees to the nearest exit of safety.

6.5 Use of the Emulator

This system has several features to help firefighters and occupants. The system provides the
firefighters with a fire scene map that has the fire’s location, temperature, the pressure of dif-
ferent zones, and the motion-activity map of occupants on the map. The firefighters can grab

a snapshot of the current scene and try to test different evacuation scenarios in the simulator,
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which will reduce hazards such as back-draft [67]. They can speed up the simulation to see
the future smoke prediction as the emulator is five times faster than real-time. Based on that,
they may decide to change their location or even withdraw the team from the building due to
upcoming hazards. They can use the system to allocate trapped occupants on the map then use

the routing algorithm to reach them faster.

6.6 Deployment

To implement the proposed emulator in a real building, two simple steps need to be followed.
The first step is to install and calibrate the sensors, to add control to the evacuation signs, and
to set the MQTT clients for each of them. The second step is to synchronize the sensors and
door nodes with their counterparts in the emulator at initialization only. Either the MQTT
clients in physical environment or the emulator client would have a predefined parameters

and messages formats to be able to communicate.
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Chapter 7

Conclusion

This work introduced a new system that can assist firefighters and occupants in a fire situation.
The proposed system is using a light-weight algorithm that can provide data in real-time with
high accuracy. The system creates digital twins using the internet of things and the LSTM
network to correct the emulator from any deviation. This system overcomes two of the FDS
problem. Firstly, it runs faster and can provide data in real-time, not with a playback such as
FDS. Secondly, the emulator is better than FDS, where it can interact with the environment

to change the emulation performance. The interaction is a critical factor in the fire situation
due to the dynamic nature of the scene. Getting feedback from the environment helps to avoid
problems that might occur, such as back-draft. The emulator will assist firefighter by showing
them the fire development in real-time, which will ultimately help them set better evacuation
and fire extinguishing plans. The firefighter can take a snapshot from the system and try dif-
ferent evacuation techniques before proceeding, which will be safer and more efficient for
them. The system will control the exit signs in order to guide people away from the smoke to
increase their survival rate. The exit signs will be assigned based on a developed two-leveled
A* routing algorithm. The IoT hardware is designed and optimized to operate in dual mode.
The first mode is using LoRa in regular operation, as it has a low power consumption. In the
fire situation, the hardware will switch to WiFi for fast and low latency data transfer. The hy-
brid designs can run the node for 88 days against 39.84 hours for WiFi design and 70.59 hours
for LoRa design. After adding all the layers and tuning the emulator hyper-parameters, the

proposed emulator gives a result very close to FDS in the two different testing scenarios.
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More features can be added to the proposed emulator to depict other dynamics of the fire

propagation in buildings and how the materials of the rigid bodies represented in the emula-
tor such as walls, affect the propagation of smoke directly. This is an ongoing research topic
and there are recent contributions to fire simulations to depict material properties’ effects on

the spreading of fire in buildings[10][11].

The current state of the proposed emulator focuses on a single floor fire emulation and evacu-
ation The emulator can handle emulate multiple floors in parallel, however, some extra com-
ponents needs to be designed to deal with the 3D structure of the building.[13]. In the future,
the system can also relies on 5G to communicate with the server in order to overcome any in-
frastructure failure such as the access point during the fire . The system can also represented
as nodes that is connected through a budget link. This implementation will help to scale up
the environment and reduce the computational overload. The smoke engine will run on each
single zone separately for more accuracy and the budget link will handle the smoke move-
ment behaviour from zone to another. This will help to focus the CPU resources on the nodes
that need the resources the most and ignore the idle nodes that does not contribute to the fire

scene.
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