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Abstract

The ultimate goal of placing fire detection systems in buildings and structures is to allow
for the rapid detection of fire and accurate prediction of ensuing fire behavior. Through
a-priori prediction of how a fire might evolve, relevant information can be delivered to the
appropriate stakeholders. In the near-term, development of detection systems which detect
fire events more quickly, with better discrimination against nuisance and false alarms,
and allow real-time monitoring of the state of a fire is a critical interim step. If we are
able to detect fires earlier than is presently possible, loss of life, injuries and property
damage may be drastically reduced. In addition, if earlier detection is simultaneously
paired with collection of better information on the spatial location of the fire, and its
stage of development, this information can be delivered to emergency first responders.
Emergency response planning and actions can then be targeted such that appropriate
resources are applied earlier in a fire situation. This will further reduce the potential for
loss of life and injury to both occupants and first responders, as well capital losses due to
fire.

The advent of building monitoring systems affords excellent potential to improve upon
current fire detection protocols. Building systems incorporate a large quantity of different
sensors for a variety of uses. Currently, most building sensors are focused primarily on
the parameters necessary to optimize building efficiency and on intrusion detection, but
they are installed at much higher density than standard fire detectors and the density is
increasing as greater efficiencies in cost and quicker return on investment can be achieved.
While most of these sensors are presently chosen to fulfill building management purposes,
there is significant opportunity to integrate some of the existing sensors, or to develop new
sensors of similar type, for applications in systems for rapid fire detection, real-time fire
monitoring, and potentially fire forecasting.

Leveraging building environmental and other sensors for this expanded use, however,
requires further knowledge about the characteristics of fires, from ignition to full growth,
specifically with regards to those physical characteristics which might be measured by any
new fire detection sensor suites.

One of the biggest challenges associated with development of new fire detection systems
is their associated cost and the reluctance on the part of building owners, insurers, and
other parties to invest in detection systems when fire is such a rare event. Thus while
there has been research into improved fire detection technology, there has been limited
advancement in detection system design. Ultimately, the limiting factors around potential
use of building monitoring sensors for this purpose will relate to determination of optimal
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sensor response to various signals generated by a developing fire and optimal sensor density
in terms of cost versus position of sensors relative to potential fire sources. One of the best
chances for improved fire detection, as well as potentially for reduced nuisance alarms and
enhanced fire monitoring, is to first take advantage of the signals transmitted by building
sensors and assess their potential for use in fire detection.

Therefore the objectives of this research were to characterize fire and non-fire envi-
ronments using a range of sensor technologies to determine potential characterization pa-
rameters and to evaluate background and nuisance sensor response using the same sensor
technologies; to identify candidate sensors and develop an idealized sensor block; and finally
to develop algorithms for fire state determination.

Approximately 125 experiments were performed in a range of environments ranging
from a 1m® box to full-scale experiments in a two-story structure. Temperature, relative
humidity, and luminosity were measured during all experiments, while heat flux and heat
release rate were additionally measured during the full-scale experiments.

The research shows that fire signals measured using non-fire sensors could be distin-
guished from background and nuisance signals indicating their potential for use in improved
fire state determination. The data collected, in particular with regards to luminosity and
relative humidity, has not been previously reported in the literature and thus provides new
information that may be leveraged for incipient fire detection and monitoring.

Furthermore a novel learning algorithm, hierarchical temporal memory, a real-time
continuous learning algorithm yielded promising results for fire state determination. Real-
time data streaming of the sensor data paired with the hierarchical temporal memory
yielded the ability to rapidly identify fire anomalies.
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Chapter 1

Introduction

The total cost of re in North America is signicant. In the U.S. alone, it has been
estimated to be as high a$350 billion USD or 2.5% of the U.S. gross domestic product
(including monetary equivalents for deaths and injuries) [1]. This cost is despite signi cant
advancements in re detection and protection, coupled with changes in human behaviour,
speci cally a drastic reduction in smoking. Fires are pervasive, yet rare and uncertain
events; the probability of a re occurring in any given structure during its lifetime is
relatively low. When a re does occur though, its unforeseeable nature and potential for
rapid growth means that timely sensing and continuous transfer of useful information are
key for e ective mitigation and response. The greater the delay in sensing a re, and the
weaker the interpretation of signals from a developing re, the larger the potential loss.
Thus early detection and a clear understanding of a re signature can reduce both loss of
life and property damage. In order to advance the state of re detection and response,
then, typical re signatures, as discerned by a wide range of sensor typologies, must be
better characterized and understood.

The present research focuses on developing new understanding of the signals that ac-
crue from building monitoring sensors during re events. Since these sensors are typically
installed at a much greater density than traditional re sensors, they present signi cant
potential for use, not only in detecting re events, but also for monitoring and mapping
the continued evolution of a re during the critical rst minutes after ignition. Thus, it
is of considerable interest to understand how they can be utilized to sense a re, how
such information might be accurately deciphered and communicated for early re detec-
tion, determination and monitoring of the re state, and thus aid in emergency response.
Therefore, this research begins with a detailed evaluation of the responses of a broad range
of sensors to a set of early re conditions. This phase of the investigation is designed to
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gain better understanding of early re signatures, which have not previously been system-
atically characterized during evolving re situations, particularly in the cooler lower layer
of a compartment. Results from these experiments will provide detailed temporal and
spatial information related to the re state in both controlled calibration experiments as
well as less controlled structural res and nuisance exposures.

The knowledge gained will then be utilized to develop representative parameter sets that
may be indicative of a re and to show the spatial variations in these measured parameters.
For example the response of light and relative humidity sensors to provide qualitative
assessments of re size and show changes in the re state. Additionally it will be necessary
to collect an extensive background data set to de ne \normal” conditions in a variety of
locations since information on non- re conditions are equally critical to the determination
of sensor signals when attempting to successfully identify a re. The information can
be further leveraged in a number of ways including the development of optimal sensor
combinations that might be used to better detect and monitor particular stages of a re,
the identi cation of potential sensors and technologies that could be utilized in new multi-
criteria re detection and monitoring platforms for a wide range of applications, as well as
the development of re state determination algorithms.

1.1 State of the Art

The present state of the art in re state determination is focused on the detection of
re events using a number of characteristic parameters chosen based on the governing
physics that drive re development. As discussed in Chapter 2, re signatures are typically
de ned using concentrations of one or more products of combustion, changes in temperature
conditions, and heat ux from the re. For most commercial applications, the detection

of a re is linked to a subset of expected characteristics of the re signature. Point source
detectors, such as smoke and heat detectors, and sprinklers, rely on the conveyance of heat
or products of combustion to a detector location usally near the ceiling for detection to
occur. They are therefore inherently linked to the re heat release rate, the re plume
and ceiling jet dynamics, and the space in which the re and detectors are interacting.
Light dependent sensors (heat ux, IR, UV, video) in contrast are integral, line-of-sight
sensors that rely primarily on the re heat release rate and ame emissivity. Regardless of
the parameter of interest, both temporal and spatial variations of that parameter will be
present within a space of interest, and subsequently will have an impact on the observed
detector response as well.

There are countless sensors that exist in the marketplace and that are implemented for
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a variety of uses. This work does not purport to fully review the potential of all available
sensors; instead, it speci cally addresses the characteristics and response of those sensors
frequently leveraged in building information systems. The majority of these sensors are
most frequently utilized for a single primary purpose not related to re detection but
instead, related to safety, security and environmental monitoring. Due to their required
functions, they most often rely on the following speci ¢ sensor technologies based on need
and location:

Motion Sensors: these sensors detect motion in a space and are often interfaced with
the lighting control system. If no motion is detected over a prescribed period of
time, the lighting in the observed space is reduced. In addition, motion sensors are
utilized to sense motion in areas that should not be occupied at certain times and
are therefore commonplace for security applications.

Humidity Sensors: relative humidity is monitored to ensure that an appropriate level
is being maintained throughout the monitored space. Depending on the purpose
of the space, the target level may vary. Humidity levels may be monitored and
controlled for occupant comfort, to ensure that mold and mildew do not form, to
ensure that products are properly conditioned, or for a variety of other reasons.

Temperature Sensors: temperature is monitored in individual spaces and compared
with the set point for the local system or with facility wide settings. Heating and
cooling can then be provided as needed to each given area. Often the temperature
and humidity are evaluated together in order to provide an optimal comfort setting
for occupants or alternately to keep the space set at the desired levels for the storage
of commodities.

Ambient Light Sensor: light intensity may be measured throughout the day and
supplemental or task lighting may be adjusted based on the quantity of ambient
light. Changes in observed ambient light will adjust the quantity of supplied light.
The target light levels will vary based on the area and target tasks that are being
conducted.

A single sensing unit in a building monitoring system may consist of sensors of only a
single type or it may contain mixtures of the above types of sensors. In general, however,
increasingly greater numbers of individual sensors are being installed together in larger,
integrated, single sensor blocks due to considerations of cost, space and power e ciency.
In either case, the advent of indoor environment monitoring has led to signi cant ad-
vancements in sensor development and integration for overall management of a building
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environment. If further directed by appropriate research e orts, such as that proposed
here, additional advancements in these technologies may lead to adoption of next genera-
tion building monitoring systems for re detection and monitoring as well. This challenge
forms the motivation for the present research.

1.2 Scienti ¢ Objectives

This research has several primary research objectives:

to identify fundamental physical characteristics of a re for which sensors may provide
useful information during the various stages of a re. For this, the fundamental

characteristics of the re volume of interest must be temporally and spatially resolved
to a higher degree than is currently available and then interpreted and clearly related
to the variable being monitored by each sensor.

to obtain new information on the sensor response to changes in each of the chosen
variables and to discern whether these are brought about by the evolution of the re
or by potential nuisance sources. Once this information has been collected, it can
then be evaluated to determine how a given sensor might perceive a re or a non- re
condition.

to identify candidate sensors and develop an idealized sensor block for use in re
state determination.

to develop candidate continuous learning algorithms that can be paired with detailed
data to conceive new methodologies for re state determination and monitoring.

1.3 Outline

The thesis is composed of ve additional chapters. Chapter 2 provides a literature review
that covers that basics of re dynamics, an overview of sensor technology, re charac-
terizations, and learning algorithms. Chapter 3 discusses initial testing performed with
commercial sensors in a 1 fbox and large-scale testing of re state variables during
incipient res. Chapter 4 covers the selection of sensors for the re state determination
sensor block, FSD sensor block characterization, and design and results of a series of large-
scale re tests conducted to collect detailed data of re state progression during realistic
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res. Chapter 5 discusses the development of a hierarchical temporal memory continuous
learning algorithm and the anomaly predictions of the algorithm when applied to the test
results. Finally Chapter 6 provides a summary of the research conclusions, guidance on
the selection and placement of sensors, and suggestions for future work.






Chapter 2

Literature Review

The prompt detection of re is a critical component to e ective emergency response and the
minimization of loss of life and property. Thus the detection of res is typically focused on
determination of one or more parameters deemed characteristic to an evolving re, whether
light, heat or combustion products. In order to understand how the detection of re is
accomplished and what gaps exist in the present state of the art it is useful to provide a
brief review of re dynamics, parameters and technologies used for re detection, sensor
response to re environments, and nally an overview of some of the algorithms that can
be used to process sensor signals. Thus the following chapter provides a brief summary of
the research in each of these areas and identi es gaps in the current knowledge, speci cally
with regards to the use of \non- re" sensors and detection algorithms for characterization
of a re environment. The exploration of these topics form the foundation for the present
research.

2.1 Compartment Fire Behavior and Fire Dynamics

Fire is a self-sustaining chemical reaction involving the release of heat, light, and products
of combustion. Based on this understanding, in 1974 Custer et al. promoted the concept
of a re signature as being\any product of a re which changes ambient conditions and
thus has potential use in re detection'[2]. Fire signatures are therefore de ned by basic
parameters which relate to the complex physical and chemical interactions that drive re
development. While the fundamentals underlying the concept of re signatures have not
changed since Custer, signi cant work has gone into attempting to determine what char-
acteristics constitute an optimal re signature and how to adequately capture, distinguish,
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and measure these characteristics for a wide variety of purposes [3{8]. In order to gain
an understanding of how these signatures are generated it is necessary to have a basic
understanding of re behavior, speci cally in a compartment.

2.1.1 Qualitative Description of a Compartment Fire

This section provides only a brief summary of the overall concepts of re growth within a
compartment as this has been well documented elsewhere [9{11]. Additional information
on the physical and chemical aspects of re and compartment e ects are brie y discussed
in later sections.

A re begins after the successful ignition of a material. Once initiated, it may follow
one of two broad paths: one towards re growth; the other towards self-extinguishment.
The actual development of the re will be largely dependent on the ventilation, fuel load
and arrangement, as well as the enclosure geometry. If the re does not self-extinguish
during the early stages of development, then, as shown in Figure 2.1 it will grow. During
the initial growth period, the re is most often fuel-limited as there is abundant oxygen
available in the compartment volume to mix with fuel vapours and sustain the combustion
processes. The re is then typically limited to the burning of a single item and the re
size is limited by the size of the fuel surface and how quickly the ame is able to spread
across the surface. As the re increases in size, additional fuels may become involved and if
su cient oxygen is available, the re will continue to develop and may progress through a
transition stage, normally referred to as ashover. After this point, it is considered that all
of the fuel in the compartment is involved and the re is considered to be fully-developed
(or fully-involved).

Eventually the re will decay as the quantity of fuel or available oxygen is reduced,
Figure 2.1. If the environment becomes oxygen de cient at any point in this progression
of re development, instead of following the curve illustrated in Figure 2.1, the re will
become under-ventilated and potentially extinguish unless more air is introduced into the
compartment. On the other hand, if su cient oxygen is available throughout the duration
of the re, after it becomes fully developed it will burn for a period of time dependent on
the total fuel load in the compartment and then begin to decay as the fuel is consumed.
This will continue until all of the fuel is consumed or the re is no longer able to sustain
itself.



Figure 2.1: Stages of Fire Growth, modi ed from[12]

During the course of re development, the hot gases form a buoyant plume and rise
until they impinge on, and spread along, the ceiling forming a so-called ceiling jet which
grows until it encounters the compartment walls. Due to collection of the hot gases along
the ceiling, a hot layer begins to form and the smoke Ills down from the ceiling of the
compartment, Figure 2.2. In enclosures typical of single rooms, the re may spread to
other items in the room via a combination of direct heat transfer from the ames coupled
with radiation from the descending hot layer. On the other hand, if the compartment
environment is suitably large (an atrium, stadium, warehouse, etc.), the re may behave
more as an uncon ned re.

In the context of the re development curve illustrated in Figure 2.1, most research into
re detection has been focused on development of sensors that operate based on reaching
a threshold value of one of the readily observable characteristics of the re plume, such as
the quantity of smoke, CO concentration, temperature and velocity, during the early stages
of re growth. Very little work has been directed towards following the characteristics of
the re plume from its inception through to the later stages of the re shown in Figure 2.1.

The following sections provide a more in-depth review of the physics of development of
a compartment re, outline common correlations for various re and re plume character-
istics that have been developed based on experimental work, and describe work that has
been done relating to detection of res in compartments.



Figure 2.2: Conceptual Stages of Fire Growth (with permission) [13]

2.1.2 Energy Release and Heat Transfer

Rate of energy release, or heat release rate (HRR) from a r€, has been deemed by
Babrauskas to be\the single most important variable in characterizing the ammability
of products and their consequent re hazard[14]. The rate of energy released during the
combustion process is dependent on the mass rate of burning of the fuef, the fuel heat
of combustion, H., and the area of fuel involved in the re,A, Equation (2.1).

Q= m" HA (2.1)

The value of total heat release rate from a re is often segregated into two components,
the radiative heat release rate and the convective heat release rate. Equation (2.1) can
be applied to calculate either of these components by utilizing either the radiative or
convective heat of combustion values developed by Tewarson [15, 16] and later compiled
by others [17].

Additionally the combustion e ciency, , may be evaluated using either the local mix-
ture fraction (calculated for the region local to the re plume) or the global equivalence
ratio ( ) averaged throughout the full test compartment. Equation (2.2) compares the
mass ratio of fuel to air (oxygen) available in the entire compartment to the stoichiometric
ratio which is the ratio that would be required locally for complete combustion of a given
type of fuel.

Miuel =Moxygen

(Miyer :moxygen)stoich

(2.2)

The equivalence ratio greatly impacts the combustion process. This is re ected in the
mass rate of burning of the fuelm”. As exceeds 1, indicating oxygen limited combustion,
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the mass burning rate decreases while conversely wheis less than 1 the excess air absorbs
heat thus reducing the total energy available to continue the evaporation and combustion
of fuel. As a resultm” is theoretically highest at the stoichiometric ratio, =1.

The energy released by the re is transmitted via convection, conduction, and radiation
to the surroundings. Di erent modes of heat transfer dominate at di erent stages of the
re. Conduction governs the heat transfer through the burning material as well as the
transfer of heat through the surrounding enclosure surfaces, Equation (2.3). Convective
heat transfer, the transfer of heat between two owing uids or a owing uid and a solid,
dominates when room temperatures are low, Equation (2.4). As the re progresses and a
hot layer begins to form, radiative heat transfer as given by Equation (2.5), begins to take
over as the dominant mode and is transmitted from the hot upper layer to the fuel surface
[18] increasingm” and A resulting in an increase inQ.

k
d'con = E(Tl Ts) (2.3)
g'_'cnv = h(Tl T2) (2-4)
Qtad = F 1 2(T14 T24) (2.5)

This process is largely a surface area driven phenomena with the area of the re driving
Q which in turn impacts ame height, the formation of the plume, and the formation of
the hot gas layer. The following section discusses the concept of the re plume and ceiling
jet as they are driving forces for re detection.

2.1.3 Plumes, Flame Heights, and Ceiling Jets

A typical compartment re scenario involves a burning fuel which is generating products
of combustion. The fuel type and con guration, combustion e ciency, and the mode of
combustion are crucial variables in de ning the heat release rate and thus generation of
products of combustion. The heat release rate is critical as it serves as the basis for much
of the plume and ceiling jet theory.

The basis for our present understanding of re plumes was developed nearly 70 years
ago [19] and has served as a foundation for much of the ensuing re plume research that has
taken place in the intervening years [3, 20{22]. The basic mathematical model describing

11



the development of the buoyant re plume is based on an axisymmetric point source model
[19, 23{25]. A number of assumptions allow for the development of simpli ed analytical
solutions [26]. These include:

1. The energy source (re) may be treated as a point source;
2. The energy generated during combustion remains within the plume;
3. The plume driving force is buoyancy;

4. The density di erences are weak within the plume and the Boussinesq approximation
may be adopted;

5. The velocity and temperature pro les are constant at a speci ¢ location oZ with
respect to time and radius; and

6. The horizontal entrainment velocity,v, is a xed multiple, , of the buoyancy driven
vertical ow, u.

It further assumes that the hot plume gases rise until they come into contact with a ceiling
in the case of a compartment re or alternately until buoyancy in the plume is too weak
to overcome drag in the case of a free re. Karlsson [26] and Beyler [27] provide detailed
reviews of plume and ceiling jet theory and a derivation of the ideal plume yieldingT as

a function of height and HRR is provided by [26] and summarized in (2.6).

T, 1=3
0G2 172

. McCa rey [28] de ned three basic regions of the re including the plume:

Q_2=3Z 5=3 (2 . 6)

1. Thermal plume;
2. Intermittent ame region (representing the ame height, L); and

3. Continuous ame region
L has been de ned as the height at which the ame is visible 50% of the time [29] and a

number of empirical correlations have been derived based on this de nition which McCaf-
frey [28] has compiled and shown to be relatively consistent.
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Development of the turbulent plume from a di usion ame is driven by the physical
and chemical processes that occur in the ame regions. Therefore these processes drive the
plume velocity, up, plume temperature, Ty, plume radius,b, and plume mass ow rate,m,.
Based on this, Zukowski [20], Heskestad [29], McCa rey [28], and others have developed
plume correlations based on re heat release rate and height above the fuel surface derived
from experimental measurements, Table 2.1. It is this behavior that fundamentally drives
the parameters that are typically observed for re detection purposes.

Table 2.1: Primary plume correlations

T , u- my
. “Q_zzsl 5=3 ”9' 1=3 _ 0 1=3 =3
(Zukowski) 13.74 % 0.53 g m, = 0:071Q!= Z
s I5=3 I'1=3
(Heskestad) 25%2;0 i 1.th%0 m, = 0:071Q%3 (Z  Zo)5 +0:00190
(McCarey) — 2.27 & = 118 =

As can be seen from the tabulated correlations, the basic relationship arrived at by
each researcher is of the same basic formT is a function of Q2Z 5=: u is a function
of Q1Z 1=3; and m, is a function of Q=3Z>=3. Further, these experimental results match
well with the theoretically derived values obtained by Quintiere [26] and shown previously.

As discussed earlier, once the plume forms it will rise and expand until it dissipates or
impinges on a ceiling. In the event of the plume impinging on the ceiling a boundary layer
will be formed along the ceiling typically known as a ceiling jet. The ceiling jet directly
relates to re detection as it serves as the transport mechanism to deliver the products of
combustion to the sensor. Before discussing details of the ceiling jet further, Section 2.2,
it is necessary to better describe the various modes of combustion and their impact on
the products of combustion that form the hot gas plume. This is the subject of the next
section.

2.1.4 Smoldering and Flaming Combustion

As discussed above the products of combustion are typically what are being monitored by
re detection systems and the quantity and composition of the products of combustion will
vary based on the mode of combustion.

In general, combustion involves a large series of complex chemical reactions; however,
the process can be simpli ed by recognizing that there are three primary processes involved.
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The rst is pyrolysis of the fuel. This is then followed by oxidation of the resulting fuel
and/or decomposition products in either the solid or gaseous phase [30]. Each process varies
in the quantity of heat and smoke, de ned by Gross et al [31] as thgaseous products

of burning organic materials in which small solid and liquid particles are also dispersgd”
produced and thus resulting in di erent re signatures. The properties will change based
on Q, , and the local equivalence ratio. When the oxidation takes place in the solid
phase, smoldering is dominant, while oxidation in the gaseous phase results predominantly
in aming combustion [30].

In both cases, the rst phase may involve pyrolysis, the thermal decomposition of the
material due to an external heat source. The process of pyrolysis can result in charring,
melting, and vaporization of the original fuel. If the material is exposed to su cient
external heat ux it may transition into either a smoldering or a aming scenario. The
basic reactions and potential products are shown below.

Pyrolysis:

Fuel (solid) + Heat ) Pyrolyzate (gas) + Char (solid) + Ash (solid)

Heterogeneous oxidation:

Char (solid) + O, (gas)) Heat + CO, + H,0O + other gases + Ash (solid)

Gas-phase oxidation:

Pyrolyzate (gas) + O, (gas)) Heat + CO, + H,0 + other gases

Smoldering Combustion

Smoldering is the slowest of the self-sustaining combustion reactions and primarily occurs
in porous char forming materials. Polyurethane foam, cigarettes, and cellulosic products
are some of the most common materials which may undergo smoldering combustion.

In smoldering combustion, the reaction rate is very slow and dominated by the available
oxygen, resulting in a low heat release rate, visibly ameless combustion process typically
characterized by temperatures in the range of 450 to 700 C and low ame spread rates
on the order of 1 mm/min [9]. Although the process, and therefore ame spread rates,
may be increased if oxidizer is forced through the material due to wind or ventilation, in
reality smoldering res can be incipient for hours before transitioning to aming conditions
or alternately extinguishment.
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It has been reported that the e ciency of smoldering combustion, ¢ , is typically on
the order of 33% [32]. Therefore, the products of combustion from a smoldering re vary
signi cantly from those from a aming re. Both the production rate and the chemical
species vary. The CO/CQ ratio which is linked to the combustion e ciency is  0:4 for
smoldering reactions but 0:1 for aming reactions [33]. A smoldering re typically will
produce increased yields of volatile organic compound's (VOC's), polycyclic aromatic hy-
drocarbons (PAH's), and particulates, however this is countered by the reduced production
rate in comparison to aming res. The aerosol and particulate sizes typically associated
with smoldering conditions are 1.5-8m which is larger than those observed during the
pyrolysis, .75-1.¢um, or during aming combustion, .01-Jum, conditions [3, 34, 35].

In summary, smoldering res have relatively low heat release rates and comparitively
low temperatures which result in weak buoyant plumes. Further, the combined chemical
and particulate signature created by the re is di erent than that created by a aming
re. Thus the characteristics of a smoldering reaction and the associated time scales mean
that detection of smoldering events is primarily driven by species production and that the
e ectiveness of other detection methods (i.e. those associated with temperature) may be
limited.

Flaming Combustion

Flaming combustion is the most common type of accidental re and the mode of combustion
that is most recognizable to people. It is also the mode of combustion that drives the HRR,
ame height, and plume dynamics discussed previously and yields the three characteristics
of a re: heat, light, and products of combustion that are used for detection. In this section
a brief summary of aming combustion is provided primarily as it relates to issues relating
to detection.

Faraday in his famous 1861 Christmas lectures statdthere is not a law under which
any part of the universe is governed which does not come into play, and is touched upon
in the chemistry of a candle"[36]. Though delivered to children and using a candle as the
source of discussion, Figure 2.3, Faraday's lectures provide good insight into the structure
of, and mechanisms driving, di usion ames in general.

In examining Figure 2.3 [36], it can be observed that a di usion ame consists of a fuel
rich region where fuel is being driven o of the fuel surface, enclosed by a reaction zone
(the ame), with an outer oxidizer rich region where oxidizer is entrained. The ame is a
reaction zone where the fuel and oxidizer mix to within their ammable limits by di usion,
combustion occurs, and the maximum temperature is achieved. While much of the fuel and
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Figure 2.3: Schematic of candle ame. [37]

oxidizer can be consumed in the reaction zone, unburned reactants can also leak through
the primary reaction zone and burn in the outer regions of the ame.

In a typical diusion ame, the fuel reacts with oxygen supplied by the environment
to form CO,, H,0, heat, light, and additional products of combustion. A candle is a
useful example of a diusion ame as the ame regions are laminar and therefore more
readily observable than in larger turbulent di usion ames which typically occur when
ame heights exceed 0.33m [10].

In the small blue region near the base of the candle ame, Figure 2.3, the reaction is
e ectively complete yielding only CO, and H,O. Above this region is a yellow-gray region
in which more complex fuel molecules are \cracked" into simpler fuel chains and into
carbonaceous substances just prior to entering the broad reacting zones. Coagulation, the
combining of smaller liquid particles into larger particles, and agglomeration, the combining
of multiple particles to form a chain or complex particulate structure, also occur and
decrease the particle number while increasing the average particle size. Unburnt fuel cools
this portion of the reaction zone resulting in incomplete combustion and the formation of
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C, CO, and other products of combustion. In the nal region, characterized by a yellow
ame, unburnt carbonaceous particles are oxidized, increase in temperature and begin to
incandesce. It is worth noting that while most of the changes in the ame are chemical in
nature (i.e. the degradation of fuel), incandescence is a physical change [10, 36]. For simple
laminar di usion ames the majority of soot is consumed prior to the end of the reaction
zone and thus the ame height is similar to the sooting height. For turbulent ames this
relationship breaks down as soot is able to escape the aming regions as the reaction fronts
\tear" or are \stretched" [10]. For heavily sooting fuels or for underventilated conditions,
the soot will not be fully oxidized within the reaction zone and so will escape in the re
plume and may be measured in the plume or ceiling jet.

Flaming zones produce peak temperatures in the range of 1500-2000 K, visible light,
and smoke particles that are typically smaller, on the order of .01-1m, than those generated
from smoldering combustion [3]. Due to the elevated temperatures, the gases rise and cooler
air is entrained and a characteristic ame shape evolves as the products of combustion are
convected away and new oxygen is provided to the aming region. The diusion ame
zones in the re, therefore, are recognizable by their yellow/orange coloration, heat and
light generated, and smoke produced. These characteristics are key aspects that form the
focus in re detection, as discussed later.

Given the variability that exists in the products arising from the combustion processes in
res, and the fact that it is largely the products of combustion that pose the greatest hazard,
it is of value to examine in more depth the ways in which the products of combustion can
be characterized and what parameters are central to the detection of a re. This discussion
follows.

Products of Combustion

The products generated during various re events have been examined in order to determine
the impact of ventilation, re type, and fuel on the products generated [2, 6, 18, 38, 39].
In particular, a strong focus has been placed on understanding the formation of gaseous
products of combustion that directly contribute to a hazardous environment (i.e. CO,
CO,, NOy, and other toxic compounds). A general relationship has been provided for gas
phase oxidation of a wide range of carbon based fuels that t the general molecular form
shown in Equation (2.7) [3] and for which the stoichiometric amount of air is provided by
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1
CHONXS +=(0,+3:76N,) = CO ,+

H, O+ HX + SO,+3:76( + E)N2
(2.7)

In Equation (2.7) \ X" may represent uorine, chlorine, or bromine and the stoichio-
metric amount of air designated as , where 1= +( )= + =2].

In practice, the di usion ames in res do not behave in the idealized manner described
above. Laminar di usion processes can still exist in small local regions, but the mixing, and
thus local stoichiometric ratio and resultant combustion reactions, occur on a temporally
and spatially uctuating basis. Therefore, while the \instantaneous" reaction kinetics and
products of combustion still are present, clear delineation of fuel, air and aming zones no
longer exists so the reaction processes are averaged with the variation in ame position
in space and time. Limited Q results in poor combustion e ciency with a decrease in
peak temperatures and increase in soot yields outside of the ame region. These factors
then have distinct rami cations in terms of the speci c yields of the various products of
combustion.

One key factor in determining yields of combustion products is the equivalence ra-
tio. Recall that Equation (2.2) de ned a global equivalence ratio for a compartment re
situation. While may be measured globally it is not necessarily representative of the
di erences that exist in the local fuel/air ratios that de ne the ame. For a typical hy-
drocarbon fuel under stoichiometric (ideal) conditions C® and H,O will be produced.
Under well-ventilated conditions, CO and soot can be produced due to poor mixing and
heat losses from the presence of excess air. For a given fuel as the local equivalence ra-
tio becomes greater than 1 (under-ventilated conditions), an increase in soot, unburned
HC compounds, and CO production is observed. If the fuel contains chlorine, uorine,
bromine, or other compounds, related combustion products such as HCN, HCI, HF, or
HBr will also be produced.

Table 2.2 provides a comparison of CO vyields for well ventilated versus under-ventilated
res as determined using the global equivalence ratio while Table 2.3 summarizes the
maximum theoretical yields for a selection of fuels burning under stoichiometric conditions.

It should be noted that yields are the quantities of a compound produced at the re source
normalized by the quantity of fuel burned, whereas species concentration is the amount
of species in a unit measure of smoke which can be expressed as either a mass or volume
concentration. As such, CO concentration, typically in parts per million, and smoke are
two of the primary parameters, in addition to temperature, that are widely used in the
detection of res.
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Table 2.2: Yield of CO as a function of ventilation (kgo/Kg fuel )[40]

Material Well-Ventilated Fires Under-Ventilated Fires
Methane (gas) Not Reported 0.175
Propane (gas) 0.005 0.229
Propylene (gas) 0.020 0.200
Hexane (liquid) 0.011 0.195
Toluene (liquid) 0.066 0.107
Methanol (liquid) 0.001 0.236
Isopropanol (liquid) 0.002 0.168
Acetone (liquid) 0.003 0.304
Pine (solid) 0.004 0.138
PMMA (solid) 0.010 0.189

Pine (solid) 0.004 0.138
Flexible PU Foams 0.010-0.042 Not Reported
Rigid PU Foams 0.025-0.051 Not Reported

Table 2.3: Maximum Theoretical Product Yields by Fuel [27]

Maximum Theoretical Yields (%)

Fuel Chemical Formula ko Kkco, Ko, Ku,o 1/r

Acetone C3HgO 250 393 381 1.60 9.45
Ethanol C,HsOH 265 415 454 2.54 8.94
Hexane CeH 14 227 357 4.10 1.71 15.1
Isopropanol C3H;OH 233 3.67 4.00 2.00 10.3
Methanol CH3;OH 275 431 4.69 3.53 6.43
Methane CH, 10.94 17.19 25.00 14.06 17.2
Propane CsHsg 434 6.82 8.27 3.73 15.6
Propene CsHs 476 7.48 8.17 3.07 14.7
PMMA CsH3gO, 140 220 1.92 0.72 8.23
Toluene C;Hg 232 3.64 3.40 0.85 13.4
PU Foam CH1.7400:323No-060s 7.05 11.05 10.25 3.95 8.78

Wood (Spruce) CH3:58401:55 1.73 273 223 2.00 3.87
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Once the initial products of combustion have formed and left the reaction region, the
plume becomes of interest as it acts as the transport mechanism for the continued dispersion
of the products and the characteristics of the smoke at a given location will impact the
ability for a detector to operate. As the smoke produced currently acts as the primary
means of re detection, a discussion on re detection and monitoring follows.

2.2 Basics of Fire Detection and Monitoring

The primary goal of re detection devices and systems is to detect a re as soon as possible
after it ignites, so that the re is su ciently small to be controlled and egress for any
occupants is possible. Such early detection of res is critical to occupants in ensuring that
they are able to safely egress from the area, but it is equally critical to alert personnel that
there is a re.

The identi cation of light, heat, or smoke singularly or in combination has formed
the foundation of re detection for over one hundred years. George Darby patented the
rst electric heat detector in 1902, which relied on a stick of butter to act as the bu er
between conductors and subsequently yielded to more advanced mechanisniBwenty
years later Heinrich Greinacher laid the theoretical groundwork for what much later became
the ionization smoke detector with further work continuing until the mid 1960's when a
single station photoelectric detector was developed and was adopted for general commercial
use [41]. In more recent years, additional technologies have been used to observe the visual
characteristics of ames, such as IR/UV detectors or video detection systems, however
they are not widespread commercially.

Compartment re characterization has been examined by a number of researchers [3, 4,
26, 41{45] and these characterizations have largely been focused on determination of the
characteristic heat release rates, temperature, smoke production, and radiation associated
with a re as these characteristics are directly linked to development of a hazard from the
re. When an unwanted re does occur, it is desirable to detect the onset of the re at
the earliest possible time. In order to accomplish this the focus has been on identifying
characteristics of res that can be detected after ignition has occurred and the re has
grown to a detectable size, where the threshold value set to de ne a detectable size may
di er depending on the technology used in a given sensor system. As a point of reference in
this respect, it is convenient to recall the conceptual re growth curve provided in Figure
2.2.

Lhttps://patents.google.com/patent/GB190225805A/en?0q=GB190225805A
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Traditionally, res have been detected using technologies which were readily suited for
the determination of a threshold value of parameters, such as the temperature produced
or products of combustion, that were believed to be representative of an incipient re
signature relatively soon after ignition (15kW& Q < 100kW). Much of the work on re
characterization focused on determination of the characteristic products of combustion
and heat released during the very early stages of the re [4, 5, 11, 15, 46]. Therefore,
these are also the variables that have most often been measured, directly or indirectly, in
attempts to detect res.

After identi cation of the parameters to be sensed, the placement of the detectors
also becomes important. They must be located in such a way as to be e ective with
respect to anticipated re location, re characteristics and anticipated sensor response,
while simultaneously being spaced to balance overall system cost.

One of the signi cant challenges with this approach is that no two accidental res are
identical. Thus, it proves di cult to generalize characteristics and threshold values for the
heat or products of combustion across the full spectrum of potential re exposures. This is
further complicated when combined with the random location of a re with regards to the
detector location. In practice, the resultant uncertainties in response are assumed to be
alleviated through the testing and approval process which uses a set of de ned exposure
criteria.

The inherent assumption in doing this is that, when installed, the sensors will be
su ciently spaced such that exposure conditions similar to those used in the test will
eventually be experienced by the sensor during the course of the re, whether early in re
development or at a later time. This may not however be the most e cient manner of
detection and furthermore often times re sensors may not be present at all. As a result,
there is a gap in the ability to detect res that requires exploration to determine what
other parameters and associated sensors may be useful. In particular, the measurement of
light, a primary characteristic of res, has largely been ignored for re detection purposes.

Despite the existence of a range of commercial re detection technologies, the full time
dependent physical signatures produced by res have not been systematically character-
ized, especially with regards to their variations in space within a compartment and for
determining those best for use in early re detection and ongoing monitoring of a re
event. For example, many signals such as visible, ultraviolet, and infrared light are pro-
duced by res along with the commonly detected heat and products of combustion, yet only
limited work has been performed towards examining speci ¢ details of the light signatures
produced from a re relative to ambient light levels [47{49].

The primary focus of most of detector the work was on incremental improvement of
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standard re sensors with respect to detection times and signal thresholds and minimization
of nuisance alarms rather than on the use of non-traditional re signatures or sensing
technologies to develop new technologies and systems for improved early re detection
and ongoing re monitoring. With this perspective, the following sections summarize and,
where appropriate, revisit existing work on re signatures, as well as detector design and
detection methods.

2.2.1 Detectors

The basic combustion processes and plume behavior that govern the generation and move-
ment of smoke and heat from a developing re are linked directly to the ability of smoke
and heat detectors to accurately detect the re. The following section brie y discusses the
current state of re detection for each of the three main categories of detectors: smoke/heat
detectors, gaseous detectors, and light detectors.

Temperature and smoke based sensors rely on the plume and ceiling jet for activation.
The buoyancy driven plume causes the products of combustion to rise and impinge on
the ceiling forming a ceiling jet, which is the means for transporting heated gases and
particulates to the detector location. As a result, a number of studies have examined the
response of smoke and heat detectors (and similar sensors) to re driven ows [2, 3, 7,
22, 35, 50{57] in order to provide insight and guidance on detectors. In general when
the detectors addressed in the studies are in close proximity to a re they show adequate
response, however there remain a wide range of cases in which nuisance alarms are possible
as well as cases in which a detector is not present or the spacing does not allow for an
e ective response time. Plume driven sensors are challenged in that their proximity to the
re is a primary driving force for the response and anything that may interfere with plume
or ceiling jet dynamics will impact their activation. Thus the dependency on the plume is
both a positive and negative de ning characteristic of these types of sensor.

Measured characteristics of the re and thermal plume have been used as the basis
of design for, and evaluation of, thermal and smoke detection systems. For example,
Alperts correlations for maximum ceiling jet velocity and temperature have been widely
used for estimating the time to detection in design of both smoke and heat detectors[22].
Alpert expanded initial work performed by Morton [19] on plumes using a variety of ceiling
heights and fuels including heptane sprays, ethanol pans, cardboard boxes, and pallets. He
took measurements of the plume temperature and velocity and developed the empirical
correlations outlined in Table 2.1. Despite their widespread use, his experiments were
limited in the range of re sizes evaluated, only examined smoke ow under \in nite"
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smooth at ceilings, minimized the impact of ventilation on the re and re compartment,
and relied on relatively steady state (HRR) res. Furthermore Alpert did not perform
any testing with detector- re placement ratios (r/H) <0.15, and thus assumed uniform
conditions in this region.

In fact, many of the existing correlations make similar assumptions regarding well
ventilated re behavior and spatially uniform re plumes with a xed steady HRR [58].
The assumption regarding ventilation may be appropriate as typically during the incipient
stages of a re, when detection is desired, the space is well ventilated so the impact of
ventilation on the combustion products may be limited. However, the use of a singlg
and physical location obviously constitutes a signi cant over-simpli cation and averaging
of re characteristics relative to what will happen in a real re situation. Instead, a
re grows in size spatially and with respect to heat release rate, as can be noted by the
relative in uence of Q on both the temperature and velocity of the plume, per Equation
(2.8) based on derivations from ideal plume theory as well as experimental measurements
[22, 50, 51, 58].

Tm Q_2=3Z 5=3;Um Q_1=3Z 1=3 (28)

Detector design correlations based on the evolution of heat release rate in a growing
re have been proposed as a tool to better determine ideal detector spacing [52]; however,
in practice this method has proven to be of limited value as results vary widely and change
signi cantly across the range of normally expected changes in the re heat release rate or
other ambient conditions.

In summary, time-dependent re growth and detector response characteristics are both
critical in identifying the presence of a re and monitoring its development over time since
each play a role in driving detector response. Nonetheless, the early empirical relationships
such as those proposed by Alpert [22] and others remain the primary means of predicting
detector activation outside of the use of computational uid dynamics (CFD). Clearly if
it is desired to better monitor the re state by moving beyond the alarm/no alarm signal
threshold that is the present status-quo, the dynamic conditions in the re environment and
the corresponding detector response must be more broadly characterized and understood.

Smoke and Heat Detectors

Smoke detectors are relatively new technology [41]; however, they have seen wide-scale
adoption. They are the most commonly installed re detection devices as they are relatively
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low cost, are easy to install and have been shown to reliably detect res when in they are
in the vicinity, however their installation may be limited outside of residential spaces, in
particular when buildings are fully sprinklered. Successful detection of re with a smoke
detector relies on the assumption that a re will produce smoke. Further, it is assumed
that when a su cient quantity of hot gases or su cient accumulation of smoke particulates
have been transported to the sensing chamber of a detection device, they will be observed
and this is indicative of a re.

There are two fundamental technologies leveraged by smoke detectors to detect the
presence of products of combustion. These include two methods of photoelectric detection
and one ionization detection method. NFPA 72, \National Fire Alarm Code" provides the
following descriptions of the general types of smoke detectors :

1. lonization smoke detectionis the principle of using a small amount of radioactive
material to ionize the air between two di erentially charged electrodes to sense the
presence of smoke particles. Smoke particles entering the ionization volume decrease
the conductance of the air by reducing ion mobility. The reduced conductance signal
is processed and used to convey an alarm condition when it meets preset criteria.

2. Photoelectric light obscuration smoke detectiois the principle of using a light source
and a photosensitive sensor onto which the principal portion of the source emission
is focused. When smoke particles enter the light path, some of the light is scattered
and some is absorbed, thereby reducing the light reaching the receiving sensor. The
light reduction signal is processed and used to convey an alarm condition when it
meets preset criteria.

3. Photoelectric light scattering smoke detectiors the principle of using a light source
and a photosensitive sensor arranged so that the rays from the light source do not
normally fall onto the photosensitive sensor. When smoke patrticles enter the light
path, some of the light is scattered by re ection and refraction onto the sensor. The
light signal is processed and used to convey an alarm condition when it meets preset
criteria.

The response of detectors, whether ionization or photoelectric, is a function not only of
the particle sizes in the smoke, but also of the particle density and visual characteristics.
Therefore, a given class of detectors may be more suitable for detection of res that are
predominated by one mode of combustion over another. For example, recall that smoldering
res can produce smoke where the average particle size is approximately 10 times larger
than the particulate generated from aming res, but the particles from smoldering res
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are light in color and absorb little light [3, 43, 59]. Such di erences in the smoke, as well as
the temperature of the particles, and aging due to length of time from smoke production
to location of detection with consequent agglomeration, can lead to the formation of larger
particles [60, 61] which will also alter the ability of a given type of sensor to detect the
smoke.

lonization detectors typically respond more quickly to the smaller particulates gener-
ated by aming res while photoelectric detectors typically respond more quickly to the
larger particles produced by smoldering res [62]. lonization detectors are sensitive to
temperature, pressure, gaseous composition, and relative humidity. Fluctuations in these
can cause false alarms [35, 63]. Similarly, dust particulates, water vapor (steam), or other
materials in the air reaching an ionization detector can cause changes in the conductance
of the sensor similar to those generated by the presence of smoke. This will again lead to
potential false alarms. Also the particulates generated during the cooking process (toast,
meats, frying, etc.) often are between 0.1-1.0n in diameter. Since this falls in the range
of greatest sensitivity for ionization detectors, these present a third factor that could lead
to false alarms with this family of detectors.

Optically based detectors (photoelectric smoke detectors) tend to respond more quickly
to larger particulate sizes and therefore respond more quickly to smoldering res. They are
less sensitive to changes in ambient conditions [64] and more resistant to nuisance alarms
from cooking smoke. Photoelectric detectors, however, respond most e ciently to partic-
ulate sizes from 1.0-10.0m in diameter and thus they can be delayed in responding to
aming res. Non- re generated particulates of similar diameters to those of a smoldering
source can cause nuisance alarms from photoelectric detectors [35, 63]. Recent research has
pursued improving photoelectric detection technologies to detect the presence of smaller
particulates and/or to reduce the potential for nuisance alarms by introducing multiple
scattering angles, modifying the wavelength of light used, and increasing the number and
intensity of the wavelengths of light that are transmitted from the source to the sensor
[64]. Nonetheless, detection is still based upon determination that the signal has passed a
set threshold and once triggered they do not continue to monitor the state of the re.

Underwriters' Laboratories de nes a heat detector asa heat-detecting type of auto-
matic re detector which is an integral assembly of heat-responsive elements and non-coded
electrical contacts, which function automatically under conditions of increased air temper-
ature"[65]. Heat detectors are typically spot type devices that respond to temperature
changes in the environment around the sensing element. Most heat detectors respond
when they sense a xed temperature threshold and/or a de ned rate of rise in temperature
due to thermal energy convected from the re plume to their location. Heat detectors
typically have a low rate of nuisance alarms, but since the activation mechanism is based
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on temperature, it often results in a delayed response in comparison to smoke detectors
[21, 66].

Since current heat and smoke detectors are all point source detectors, their ability to
perform is greatly dependent on the speci ¢ con guration of the sensing element as well
as the position of the sensor relative to the re plume and ceiling jet. If the ceiling jet is
inhibited in reaching the detector, activation will be delayed or may not occur. Detectors
are tested for listing purposed but this solely ensures that they meet certain response
criteria when exposed to a speci ed set of controlled test conditions. In reality, an actual
re may be signi cantly larger or smaller than the test conditions, and will interact in
real time with ventilation conditions in the re compartment. As a result, a real re will
certainly have di erent heat release rate, particulate distribution and growth characteristics
than the design re, all of which will have drastic e ects on detector response in the real
re situation. Furthermore, positive detection of a real re depends signi cantly on the
type and distribution of detectors, since the observed signal at a given detector will vary
widely based on the relative position of that detector to the re.

In fully sprinklered buildings for example, where re detection systems may not exist,
the rst notice of a re may be through activation of a sprinkler system as it responds to
the heated gases in the re plume. Depending on the speed of sprinkler activation, the re
may have grown signi cantly before it is detected and before occupants or re response
personnel are actually noti ed that it is even present. Although these, and other buildings,
may not have formal re detection systems, they do now contain other distributed sensing
systems which may be leveraged to improve detection of res and even monitor the overall
re and building environment until response personnel arrive. As a result, the topic of
response and application of these sensors in re detection is wide open for exploration.

Light Sensing Flame Detection

Some work has been performed on light sensing detectors, however this work has been
limited to studies based on infrared and ultraviolet, with no examination of the visible light
spectrum. Typical ame detectors optically sense either the ultraviolet (UV) or infrared
(IR) radiation which emanates almost instantaneously from the ames of a growing re.
The radiation travels in straight lines in all directions from the re source and while its
intensity naturally decays as a function of the inverse radius squaredst®, the light signal

may be further attenuated if it has to travel through smoke or may be blocked entirely by
obstacles in the path of the beam. Therefore, in order for a light detector to function, the
detector must be able to \see" the ame directly. As a consequence, they are subject to
false alarms from nuisance background sources of light [67]. On the other hand, because
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they are based on transmission of light, these detectors often exhibit the fastest detection
times of any type of re detector.

Infrared detectors consist of a Iter and lens system that is designed to screen out
unwanted wavelengths and to focus the incoming energy at the desired wavelengths onto
an infrared sensitive photovoltaic or photoresistive cell. Detectors can be designed to
respond to the total IR signal from the ame alone or alternately, the IR signal sensor can
be combined with a circuit that senses the frequency of ame icker, which usually lies in
the range of 5 to 30Hz. IR detectors are sensitive to solar radiation and other none re
sources of infrared light as well as being subject to interference from various gases..

The ultraviolet component of ame radiation is also used for re detection, however as
their operating wavelength is in the 0.11 to 0.30n region they are susceptible to detection
of light from welding and various arti cial light sources. Similar to IR detectors, they may
also be subject to interference from various gases which can interfere with the transmission
of light in the UV spectrum.

In addition to the technical limitations, both UV and IR optical ame detection systems
also tend to be costly and therefore are primarily used in industrial applications but have
not been adopted for commercial or residential use.

Video re detection (VFD) systems that use a sequence of captured images paired with
detection algorithms have also been developed. Cetin [68] provides a comprehensive review
of video re detection that encompasses technologies which have been developed for both
the visible and IR/UV spectra. In general, video re detection systems work by extracting
moving portions from a series of images and examining the movement for patterns char-
acteristic of ame ickering using Markov and other frequency domain techniques [68]. If
they could be employed in a reliable manner, a major advantage of video and other light
sensing devices is that they can respond to a re very quickly relative to point sensors which
are subject to a smoke transport delay time. However, Cetin et al. [68] concluded from
their review that \Due to noise, shadows, illumination changes, and other visual artifacts
in recorded video sequences, developing a reliable video detection system is a challenge to
the image processing and computer vision community. With todays technology, it is not
possible to have a fully reliable VFD system without a human operator.”

Thus the conclusion with regards to light sensing devices is that they have potential for
rapid re detection, however they have not been widely employed and visible light sensors
(luminosity) have been largely ignored to date.
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Species Detection

As described above gases are produced throughout the entirety of the combustion process
regardless of combustion e ciency. As a result, if a speci ¢ gas signature associated with
a re is known that signature may be used for re detection purposes. The detection of
species can be potentially advantageous in situations where the volume of production of
solid particulates is limited (i.e. smoldering or slow growth res). While gas detectionin re
tests is commonly achieved using a variety of continuous-sampling analyzers which can o er
excellent accuracy and dynamic response, they are typically limited to a single gas species,
their application can be restricted due to the high cost of the individual analyzers and they
are have not been generally adopted and put into use in non experimental conditions.

Recently however, developments in electronic gas sensors have broadened their range
of applicability for re gas analysis [69] though they have not been widely used for these
purposes yet.

Historically the concentrations of CO, CQ, and O, have been examined using a va-
riety of continuous sampling methods that are not practical for commercial installations.
P ster [70] measured a range of gases using a variety of di erent detector technologies and
concluded that the gases produced during the re could successfully be measured using
a variety of sensors, therefore the potential for a species based re detector was possible.
Jackson et al. [71] performed a set of experiments examining six di erent types of res
based on British Standard BS5445 and came to similar conclusions as P ster. More recent
studies have aimed at re ning the idea of a \ re signature" [3, 72]. For this, they have
focused on species production during the combustion of di erent fuel types and the ability
to detect a re based on one or more gaseous combustion products.

In most of these studies, while the intent was to measure target gas concentrations as
functions of time, gases were only measured at a single location using complex and expen-
sive gas analyzers so most data was not available in real-time. Thus, while the research
shows that certain measured species may be used for re detection, current technology
typically allows con rmation of detection of that species only after the conclusion of test-
ing. Based on these limitations and cost, it is not practical to use many of the existing
analyzers for real world re detection. The exception may be electronic gas sensors since
they are relatively inexpensive, can accurately detect a range of gases and thus have been
incorporated into a broad range of end-use products such as handheld detectors. To date,
however investigations into the application of electronic gas detectors for re applications
have been limited [73] and there are no commercial re sensors on the market that lever-
age these sensors, with the exception of some commercial CO detectors that are primarily
intended for CO detection in non- re conditions.
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2.2.2 Multi-criteria Detection

Discrete detectors for heat or smoke have been widely used in commercial, residential, and
industrial settings. Based on information outlined above, Table 2.4 presents a comparative
summary of the general characteristics of these sensors.

Table 2.4: Summary of Detector Characteristics [70]

Detector Type Response Speed False Alarm Rate Typical Applications

Heat Slow Low Con ned Spaces

Smoke Fast Medium Open Covered or Con ned Spaces
Flame (Light) Very Fast High Open

Species Fast Low Open Covered or Con ned Spaces

Response speed and false alarm rates are relative, but are not indicative of speci ¢ speeds or rates.

While the individual sensors in Table 2.4 are ranked according to their relative per-
formance in the various categories, it must be noted that all have shown a high degree of
susceptibility to nuisance alarms in real use. In particular, the nuisance alarms tend to
be caused by aerosols, dusts, non-re or cooking generated particulates, welding or heat
producing operations, humidity and steam, and other sources that are viewed similarly by
the detectors as products of combustion. P ster [70] summarized comprehensive statis-
tics taken from Switzerland which indicated that the false alarm rate for single parameter
sensors was nearly 95% of all alarms over a 5-year period. In contrast, after a trial imple-
mentation of multi-criteria detectors, the false alarm rate decreased to nearly 50% during
the 18 months studied.

The notion of multi-criteria detection is that an alarm is generated based on informa-
tion over and above the measured amplitude of the signal from a single sensor. As a result,
multi-criteria detectors have been developed with associated signal processing algorithms
that try to minimize the problem of nuisance alarms. In these systems, sensor signals will
be processed using algorithms that examine the signal amplitude, signal time derivative
(rate of change), and the frequency of changes for each sensor and across various com-
binations of sensors. Many studies have performed work examining the use of multiple
sensors for re detection. Some of the earliest work on multi-criteria detection focused
on simply combining traditional smoke detectors with CO detectors or other sensors in
an e ort to reduce nuisance alarms. For example, Milke indicated that the addition of a
CO detector could reduce false alarm rates in smoke detectors signi cantly, however de-
tailed quantitative comparisons were not provided [42, 74, 75]. Such combination detectors
were shown to improve overall re detection rate as well as a reduce the rate of nuisance
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alarms. The combinations were then further enhanced via incorporation of signal pro-
cessing algorithms and development of neural networks, fuzzy logic, Markov Models and
other \intelligent" algorithms intended to reduce false alarms while still ensuring timely
detection [42, 44, 47, 63, 70, 76{79].

Consistent testing and eld experience show that multi-criteria re detection systems
can outperform typical systems consisting of a single sensor [42, 44, 47, 63, 70, 76{79]. The
performance improvements are exhibited through successful detection of a wider variety of
re phenomena while simultaneously reducing the number of unwanted alarms [80]. On
the other hand, these systems have not signi cantly reduced the time to detection of a
re, largely because the time to detection still strongly depends on the location of the
sensor with regards to the re. Use of combinations of point sensors means that even the
new systems and algorithms used to interpret the sensor data are still based on traditional
plume and ceiling jet dynamics as the driving force for transport of soot or heat to the
sensor element.

Two potential avenues could lead towards development of improved multi-criteria re
detection systems. The rstis essentially an expansion of the multi-criteria approach which
combines use of multiple sensors and the concept of sensor fusion. Here, the data from each
individual sensor is combined using software and the combined signals are analyzed and
interpreted to determine the presence of a re based on criteria related to the response of
more than one of the sensors in the package. While far from proven in real re situations,
in theory this approach could lead to more accurate re detection through improved dis-
crimination of re signatures from nuisance signals by incorporation of data from multiple
sensors in the decision making process.

The second approach to improved detection relies on the incorporation of intelligent
detection algorithms into the sensor data analysis process. Arti cial Intelligence (Al) meth-
ods (neural nets, fuzzy logic, Markov Models, hierarchical temporal memory) are employed
to learn about the environment in which the sensor is placed in order to make better pre-
dictive decisions about the presence, or lack of, a re. While again largely untested in real
re situations, the notion is that enhanced knowledge about the environment will establish
a baseline condition from which to make improved decisions during detection of res.

Additional research is required to advance any of these options. Successful development
of detection systems using either of the above strategies requires simultaneous collection
and advanced analysis of reliable data from multiple sensor types. In practice, this requires
development of combinations of several relatively low cost sensors into a single detector
package, development of appropriate systems consisting of sets of low cost sensors tailored
to measure a single important re detection parameter, or the leveraging of existing sensors
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that may be used for re purposes when paired with appropriate algorithms. In support
of decision-making and Al algorithms, it is also necessary to systematically characterize
key parameters and de ne re signatures unique to the evolving environment during a
re. Such determinations will advance current knowledge and methodologies for re state
determination. These must then be aligned with response times and signal levels from a
variety of sensors to identify technologies for use in any next-generation multi-criteria re
detection systems.

To date, some developments have been made with regards to detection and re state
determination. Yet, it has been pointed out in state-of-the-art research reviews in each of
the last 3 decades that there are various gaps in the existing knowledge base [2, 64, 81{
84]. The identi ed gaps revolve around several key areas: limitations in the current state
of the art in re sensing technology, understanding of physical characteristics and sensor
response to those parameters during incipient re growth, lack of understanding of the
variation in signals based on sensor placement, lack of knowledge of regarding non- re
sensor response to re conditions, and appropriate algorithms for interpretation of gathered
sensor data. These gaps provide ample opportunity to advance science in the areas of re
characterization, non- re sensor signatures, detection algorithms, and multi-criteria sensing
systems. This forms a focus of the present research.

2.3 The Potential in Environmental Building Sensors

Fire detection technology for residential, industrial, and commercial environments has re-
mained relatively static as discussed above. On the other hand, the rapidly increasing drive
for energy e ciency and sustainability in these environments has driven development of
new energy monitoring sensors, building materials, construction techniques, and architec-
ture that focus on energy conservation in order to meet the needs of more energy conscious
consumers and owners.

Optimization and improvement in the energy performance of buildings and structures
has been shown to be essential and e ective in reducing energy consumption and increasing
building comfort. To this end, the evaluation of the thermal environment in the structure
requires the knowledge of four physical parameters: air humidity, air temperature, mean
radiant temperature and air velocity [85]. These sensors are then utilized to best degree
in the sensor-rich environment that characterizes a Building Environmental Monitoring
System (BEMS), so that a wide range of cost e ective new sensors and sensor analysis
approaches have also recently become available to potentially leverage for a multitude of
purposes. At the same time, the potential bene ts to energy conservation of increased
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sensing resolution in o ce buildings has been investigated using computer simulation [86]
and it has been shown that increased sensor density can lead to optimization of comfort
or energy consumption , or tailoring of conditions to speci ¢ rooms or regions [87]. This
increased density of BEMS sensors has then led to increased demand for cheaper sensors.
Decreasing cost of such sensor networks is in turn increasing the adoption rate. The
parameters and their observation, along with other parameters of interest such as light
intensity, intuitively lend themselves to use in re state determination as well [85]. So
while currently the BEMS sensors are primarily focused towards energy e ciency and
security, the ability to leverage their availability presents a great opportunity for re state
determination. Prior to pursuing these for re detection, however, work must rst be done
to understand building sensor response to re environments and then to work towards
optimization of sensor distribution for best re detection performance. Following this, an
appropriate set of combined BEMS and re sensors could be identi ed to advance next
generation re detection applications.

In BEMS when light, temperature, and humidity parameters are captured and analyzed
on a continuous basis, it has been shown that the environment can be observed and under-
stood from an energy usage perspective and changes can be made to the building operation
in response to the observed conditions. For example, lighting and room conditioning may
be decreased to lower energy consumption based on areas identi ed as unoccupied. In the
latest BEMS integrations, sensors have been added directly into each light xture, thus en-
abling the development of a detailed energy consumption map, Figure 2.4. Moving forward,
the ability to leverage these sensors and create maps that could serve as a framework for
presenting more complete data sets for re state determination would be groundbreaking
with regards to increased temporal and spatial knowledge of the re environment.

Monitoring of building systems and conditions via a system of controls and sensors that
make up a BEMS [85] is also driving improvements in wireless sensor networks (WSN)
within existing infrastructure, creating the opportunity for monitoring and control of any
structure through a distributed network of sensors. The increasing number of communi-
cation protocols (ModBus, M-Bus, Ethernet, Cellular, ZigBee, WiFi, BACnet, and others
[88{92]) being implemented into sensors and communications demonstrates the rapid de-
velopment of these systems. At the same time, however, there is also a lack of uniformity in
development and adoption of a universal standard for sensor to sensor and sensor to base
communications. This suggests that, even with the current state of adoption of BEMS,
similar complications will need to be overcome during conception of new systems intended
for potentially di erent life safety applications.

Computer simulations, nodal energy models, and CFD are often utilized during the
initial design and evaluation of the performance of building systems. These tools are
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Figure 2.4. Sample building energy consumption map [94]

rarely used after the building is occupied during continuing operations. More recently
however, this is beginning to change due to emerging methodologies that facilitate seeding
such models with real time data gathered from installed sensor networks. This, paired
with condition assessments and decision making logic, greatly enhances the overall utility
and performance of BEMS. The process, known as Dynamic Data-Driven Simulation and
Analysis (DDDSA), has not been widely utilized in the past due to the signi cant quantities

of high delity data required in order to make well-informed decisions [93]. The increased
usage of coupled BEM and WSN systems; however, could well enable use of DDDSA to
transition from a purely theoretical exercise into paradigm shifting, real-world applications
such as faster than real time re forecasting, structural integrity assessments, and occupant
egress assessments.

Thus, while the building industry at large has begun to study and implement WNS
and BEMS for environmental and energy control and monitoring functions, there has been
little published research done with regards to evaluation of the use of similar technologies
for advanced re detection purposes. In order to evaluate the potential for building sensors
to be leveraged for re detection purposes the response of the sensors to a re environment

33



needs to be characterized and appropriate algorithms need to be developed to properly
evaluate the data in order to yield useful information.

2.4 Detection and Monitoring Algorithms

As discussed above BEMS provide a data rich environment; however once the sensor re-
sponse to the re environment is collected it must be understood and analyzed to make it
useful. This process requires that appropriate algorithms be developed for data processing
and information transfer. Such algorithms may be largely broken down into rule-based
systems and data-driven systems. The anticipated outcomes of rule-based systems are de-
ned by user-imposed sets of rules and logic statements (if-then). These can often contain
limiting assumptions about system behaviour which, in turn can result in reduced per-
formance and can be di cult to modify if there are changes to the underlying structure

of the data that is being analyzed. While rule-based systems can be simple and e cient
for implementing basic logic arguments (\if this than that"), as a system becomes more
inherently complex, the rule structure can become less exible and increasingly hard to
decipher, and may need to contain numerous exceptions to the rules to account for the
introduction of new data [95].

Alternatively, data-driven systems use a di erent approach that relies primarily on
the de nition of relevant data and leaves the \rule-making" up to the machine through a
learning process that relies on the raw data that is believed to hold at least the majority
of relevant information related to system behaviour. Once a set of key features of a system
have been de ned (i.e. increase in temperature and humidity), the formulas that use these
features to predict system outcomes are learned automatically by the algorithm. For this to
work, typically the algorithm needs to have access to a multitude of data samples covering
ranges of system behaviour and labeled with the desired outcomes, so that it can properly
adapt to, and develop the appropriate relationships. Essentially, the algorithms learn what
combination of sensor signals and information constitutes a re by being \exposed" to large
data-sets of re and non-re scenarios and identifying patterns that represent res while
also recognizing signals that are representative of non- re conditions, including potential
nuisance sources. The relationship between the actual re state, the observed state, and
the modeled state is shown in Figure 2.5, where the modeled state ideally is representative
of the actual state but relies on the sensor data to make that interpretation.

The largest set of studies that examined various data for inclusion in such next genera-
tion re detection algorithms was conducted under the auspices of the US Navy [47, 49, 96].
However, these studies still focused primarily on use of standard gas component analysis,
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temperature, thermal imaging, and visual signals for the detection of the re. Using a large
data set that was collected, they applied several data classi cation schemes, namely Princi-
ple Component Analysis, Hierarchical Cluster Analysis, and Probabilistic Neural networks
[76, 97, 98] in order to categorize the various signals and develop methods to detect a re
whilst minimizing false alarms. In other work, the approach has been to adopt a maximum
value for each parameter of interest with a cascading system whereby threshold values are
set for aming, smoldering, nuisance, and ambient conditions. If the minimum thresh-
old values are not met for each sensor signal in a given system, the detection algorithm
cascades down to the next possible re state [98].

The adaptive learning that is possible through application of machine learning tech-
niques allow algorithms to be continuously modi ed as additional information is gained
about a range of conditions (i.e. normal operation, false alarm, actual event) or a range of
characteristics of di erent re states. Additionally as sensors are added or removed from
the system the algorithm can be trained to adapt to these changes. This is potentially
extremely powerful in the present context since data can then be obtained from numerous
real-world locations over time and constantly integrated into the algorithms to improve
the FSD response.

To capitalize on the potential of data-driven methods for r state determination (FSD),
appropriate learning algorithms have to be determined and implemented for use with the
sensor data discussed above. Some of these are discussed in the following sections.

2.4.1 Continuous Learning Algorithm

This section outlines the concept of continuous learning algorithms for the identi cation
of anomalies and linking them to potential presence of a re. In this context, an anomaly
is de ned as a point in time where the observed behavior of the system, as represented by
the data, is unusual and signi cantly di erent from past behavior. The anomaly may be
temporal if the value is within the norm regarding magnitude but occurs at a time outside
of the typical times when a similar observation would be made. Alternately, it may be
spatial if the observed value falls outside of the normal range for a given location. Either
situation indicates a condition that requires more investigation to determine whether it

is representative of a re. This type of approach is being used more regularly for BEMS
and other uses [85, 95]. For comprehensive FSD, it is desired to be able to leverage the
increasing number of sensors and real-time data that is available in building environments
and use it in an algorithm designed to detect signal anomalies that relate to a re.

Although not commonly used in re safety applications, in more general terms the use of
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Figure 2.5: Fire, sensors, and modeling relationship
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continuous data-streams to identify anomalies have very practical and useful applications,
especially if additional information on the quality of the data or size of the event is also
available. The detection of an anomaly in a real-time data stream is particularly challenging
though as the system must be designed to collect and process the data and output a
meaningful decision in real-time, rather than making repeated passes through existing
data sets to come to an informed decision. In the case of FSD for either re detection
or monitoring, the rst challenge relates to the quantity and complexity of data that has
to be collected from an entire network of sensors. Due to this, there is also little, if any,
opportunity for human intervention during the process. As a result, a FSD system will
optimally have to operate in an unsupervised environment in which there is no necessity for
manual manipulation of any of the sensor parameters. For this, then, a number of network
and machine learning algorithms suited speci cally to unsupervised anomaly detection
were examined.

The rst category of potential models investigated were those based on neural networks
and machine learning. Most neural network and machine learning models need to be trained
in \batch" mode, which requires copious amounts of relevant data to be available at the
beginning of the training process [99]. Further, the systems are often trained against this
data while they are o -line in order to minimize error. For real-time anomaly detection in
a system where the inputs may be changing both temporally and spatially this approach
is sub-optimal. The preferred approach would not rely on a large initial data set, which
in the case of res is not available, and further, would have the ability to train the system
\live" and continuously in time and space. In order to accomplish this, the system and
sensors that compose it must be able to continuously learn about their environment and
appropriately modify the statistics regarding observations about that space in order to
continue to make accurate predictions about the re state.

Chandola et al.[100, 101] surveyed and summarized numerous anomaly detection algo-
rithms and t them into three primary categories:

" Sequence-based anomaly detection: Detecting anomalous sequences from a database
of test sequences.

" Contiguous subsequence-based anomaly detection: Detecting anomalous contiguous
subsequences within a long sequence.

" Pattern frequency-based anomaly detection: Detecting patterns in a test sequence
with anomalous frequency of occurrence.

Based on the de nitions of each category, the sequence-based anomaly detection cate-
gory seems to t best with re detection. Many of the models that t into this category
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(Markovian, Hidden Markov, Window based, Neural Network, and Kernel based) have
been used previously for multi-criteria re detection, albeit not in a continuous learning
format [99, 102, 103].

Rose-Pehrsson et al. [47] describes using a Neural network with multiple sensors to
accurately detect a re while minimizing nuisance sources, however the algorithm was fed
data, and was not readily adaptable to dynamic data sets and was not able to account for
temporal changes in signals.

Cui et al. [104] discussed a number of methods for continuous learning and evaluated
their ability to accurately detect anomalies when provided with a changing data stream.
The paper covers hierarchical temporal memory, autoregressive integrated moving aver-
age, feedforward neural networks, online sequential extreme learning machine, recurrent
neural networks, and echo-state networks, as applied to sequence prediction problems with
both arti cial and real-world data. Cui concluded that the hierarchical temporal memory
(HTM) model achieved comparable accuracy to other state-of-the-art algorithms while of-
fering numerous additional bene ts stating:\The model exhibits properties that are critical
for sequence learning, including continuous online learning, the ability to handle multiple
predictions and branching sequences with high order statistics, robustness to sensor noise
and fault tolerance, and good performance without task-speci ¢ hyper- parameters tuning."

It must be cautioned however, that while learning algorithms are presently an area
of signi cant research across many disciplines, most of this research lies well outside of
applications to re state determination. As such, there is a need to further explore and
ensure the applicability of various emerging data-driven approaches to re state determi-
nation and to identify, if possible, an optimal approach on which to base future detection
systems.

2.5 Conclusions and Summary of Knowledge Gaps

The literature review has indicated that there are a number of areas in which additional
knowledge is required in order to advance the state of the art in re state determination.
These gaps in existing knowledge establish the need and provide an opportunity to explore
the topics examined in this research. The key knowledge gaps that have been identi ed
are summarized as follows:

1. Characterization of the re environment using "non-standard" re sensors
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2. Characterization of "background" signals for comparison with those observed in the
re environment

3. Analysis of re growth based on sensor signals
4. Appropriate algorithms for detection using sensor data

5. Integration of building or other sensors into re detection/monitoring systems

Based on these identi ed gaps the present research focuses on several key areas

1. Identi cation and detailed measurement of re characterization parameters

2. Testing of existing building and comfort sensing units in re environments and eval-
uation of observed parameters

3. Determination of sensors that work for development of an ideal multi-use sensor block
and development of block

4. Testing of the developed sensor block in various re environments to obtain new data
related to focus areas 1 and 2

5. Development of potential algorithms for re state determination
These topics are explored in the following chapters beginning with an evaluation of

commercial sensors to determine whether they are suitably able to characterize a re
environment and provide information regarding the re state.
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Chapter 3

Commercial Sensors

From the literature review it is clear that while BEMS systems have gained increasing use
in commercial, industrial and residential applications, there exists a limited quantity of
information on the potential for integration and usage of commercial environmental and
comfort sensors into present re detection paradigms. The overall density of environmental
and comfort sensors far exceeds that of standard re detection devices and thus may be
useful in the early detection and monitoring of the re state. However, there exists a
fundamental lack of understanding of how the sensors respond, and what if any useful
information may be obtained from them, in a re environment.

The rst objective of this phase of the research was to identify suitable candidate com-
mercial sensors or sensor packages for testing and to evaluate the characteristics of their
response under controlled environments and re scenarios in order to establish information
related to detection range, accuracy, and response time (lag) in each situation. The fol-
lowing sections discuss the commercial sensors that were selected followed by the results
of the commercial sensor testing.

3.1 Commercial Sensor Selection

A great number of sensors exist and an ever increasing number are entering the market as
the decreasing price and ubiquity of building and environment monitoring systems make
market conditions ripe for their use in a wide variety of applications. Individual or corpo-
rate desire to learn more about home and workplace environments and to reduce operating
costs, as well as the rise of a "maker" mentality, has helped drive an increase in both the
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availability and range of commercial sensors on the market while simultaneously lowering
the price. Available sensors range in size, form factor, parameters measured, suitability
for use in di erent spaces, as well as their level of integration into a system. For the pur-
poses of this study, it was initially desired to utilize commercial sensors that were readily
available, had an installed user base (to ensure that they were representative of at least a
subset of the installed market), and provided access to the data from the sensor blocks in
a suitable format for analysis.

Selection of a sensor for use in a particular space is in uenced by a number of factors,
including the type of space and its function, the foot print and ceiling height of the space,
and the speci c sensed parameters of interest. Wall switch sensors are typically used for
smaller rooms, ceiling sensors typically cover larger areas, while corner/wall sensors are
often chosen for corridors or areas with high L/D ratios. Depending on the type of sensor
and usage, the same sensor may be appropriate for multiple applications. Thus, ideally
the chosen sensors would also be ones that could be installed in each of these locations.

While there were a variety of sensor block products (XBEE, Simms, Embedded Data
Systems, and others) that were investigated for use, the sensor blocks chosen for this study
were o -the-shelf sensor blocks developed by Embedded Data Systems (EDS) and shown in
Figure 3.1. These blocks contain sensors to measure temperature, humidity, light intensity,
and pressure (THLP) simultaneously and are able to transmit the signal and data wirelessly
via proprietary software to a computer in real time. The sensors communicate over the
2.4GHz band to an EDS Meshnet controller which transmits and receives data from each
sensor block over a closed wireless network. Each sensor block acts as a repeater in the
mesh network which helps to ensure a strong communication signal between each sensor
block, the controller, and the receiving computer. A typical screen shot from the sensor
block is shown in Figure 3.2. As illustrated, all of the information from the sensors could
be monitored live on a computer screen during testing, and could also be downloaded in
csv format for more detailed analysis. The product and company had an installed user
base and an active community forum for discussion. Furthermore, the sensor blocks were
relatively inexpensive € $100) and thus could be installed in numerous locations and tested
to failure in re environments but also readily replaced if required.
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(a) Outside of EDS Block (b) EDS PCB

Figure 3.1: EDS Sensor Block

Figure 3.2: Screen capture of real time monitoring from multiple THLP sensors during two
re experiments

The EDS sensor blocks and their accompanying software allowed for a high degree of
customization regarding data collection. The communication protocols and infrastructure
are built in and the ability to communicate wirelessly with one or more sensor blocks
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greatly simpli ed the data transmission, collection, and sensor installation process and
ensured that data could be collected throughout a test up until the time of potential
sensor failure.

3.2 EDS Sensor Characterization

After acquisition, the EDS sensor blocks were subjected to a series of tests to characterize
their response to a range of conditions in various environments. In particular, the aim of
these tests was to establish speed and accuracy of each sensor response to the parameter(s)
that they measure. The operational limits and basic sensor information is provided in Table

3.1 as received by the manufacturer with full details provided in Appendix E.

Table 3.1: Information and operational limits of the EDS Sensor Blocks

Minimum Typical Maximum Units

Temperature Range -40 - 125 C
Temperature Accuracy -0.5 0:25 +0.5 C
Temperature Resolution - 0.0625 - C

Relative Humidity Accuracy -3 - +3 %RH
Operating Humidity 0 - 90 %RH
Pressure Range 300 - 1,100 hPa/Millibar
Pressure Accuracy -2.5 1 +2.5 hPa/Millibar
Light Measurement Range 0 - 65,535 Lux

Light Sensitivity -20 - +20 %

3.2.1 Small Scale - Oven Temperature Testing

The rst phase of testing of the sensor reponse was conducted in a Cole Parmer StableTemp
Oven to evaluate the thermal response, repeatability and accuracy of temperature values
measured using the environmental sensors in comparison with thermocouple measurements.
Seven EDS sensors were placed on a rack in the middle of the oven with their sensing
elements oriented in various con gurations. Some sensors were placed either up (i.e. with
the sensor face in the -Z orientation simulating a ceiling mount) or down, and others
were either open (the mounting plate was removed) or closed as shown in Figure 3.3.
When viewing the results Figure 3.5, a sensor designated as THLP-08 OU would indicate
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that T emperatured umidity LightPressure Sensor 08 was oriented in the Open and Up
orientation. Table 3.2 provides a description of the orientation of each sensor block in the
oven testing. THLP-06 was kept outside of the oven as a control sensor block.

Table 3.2: Orientation of Sensors in Oven Testing

Open/Closed Orientation

THLP-01
THLP-02
THLP-03
THLP-04
THLP-05
THLP-07
THLP-08

Open Up
Closed Down
Open Down
Open Up
Closed Down
Open Down
Open Up

Figure 3.3: Location and orientation of EDS sensors and thermocouples in oven

The oven was sealed but contained su cient venting to prevent a pressure buildup and
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no light was created during this oven experiment, so temperature was the primary variable
to be measured. Thus, signals from the temperature sensors in a number of EDS blocks
were examined to determine the response and lag time of the temperature sensors in a
controlled thermal environment.

The oven temperature controller was set to heat the oven to a maximum of &h
The EDS sensors were placed in the oven and set to measure the oven the temperature
as it increased. Thermocouples were placed in the oven centered above THLP-08, the
central sensor in Figure 3.3, to monitor the temperature and compare with the signals
from the EDS sensors. The lowest thermocouple was placed within the open sensor housing
adjacent to the embedded EDS temperature sensor in order to get an accurate reading of the
temperature at that sensor. Additional thermocouples were spaced vertically in increments
of 25 above the sensor block to record the overall oven temperature throughout the test.
A nal thermocouple was placed adjacent to the oven thermal controller in order to verify
the temperature observed at the controller and shown on the external oven display.

Figure 3.4 depicts measured temperatures during the early stage of the oven heating. At
120 seconds the oven was turned on and the thermocouple adjacent to THLP-08 began to
respond to the resulting temperature increase in approximately 35 seconds, while the EDS
sensors begin to observe the change after approximately 55 seconds. The observed rate of
rise is also di erent for a number of the EDS sensors in comparison to the thermocouple,
such that a simple time shift does not account for the temperature di erences. The EDS
sensors that were "closed", namely THLP-02 and THLP-05, exhibited a thermal lag that
Is primarily associated with the mounting plate and the resulting delayed entry into the
sensor block. When these sensors were con gured with the mounting plate removed they
exhibited identical behavior to the other EDS sensors. In all cases there was some observed
lag in temperature observed, which is discussed below. This lag is assumed to be due to
several factors including di erent thermal measuring techniques, the size and location of
the sensor on the EDS boards, and the thermal mass associated with the EDS unit itself
in comparison to the thermocouple.
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Figure 3.4: Zoomed in temperatures from EDS sensors and thermocouple during early
heating period

Two minutes of baseline data was obtained prior to turning the oven on, after which
the oven temperature increased at an approximate rate of 4D per minute, as measured
by the thermocouple at the oven thermal controller. The temperature rate of rise at the
location of the EDS sensors was measured a¥C1per minute during the rst minute of
heating and then increased in a linear fashion to approximately°G per minute during
the 3rd minute of heating. It continued increasing at this rate until hitting an in ection
point at approximately 90% of the maximum temperature at which point the rate of rise
decreased signi cantly until a near steady-state temperature was observed.
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Figure 3.5: THLP and Thermocouple data from oven test

Temperature time traces from each THLP sensor and the thermocouple placed in the
enclosure of EDS sensor THLP-08 are compared in Figure 3.5. As can be observed, the
trends in the data measured by the EDS sensors are similar to those seen in the thermo-
couple data, though a lag in response is observed between all of the EDS sensors and the
thermocouple. This lag occurs for all sensors regardless of orientation and appears to be
further a ected by whether the sensor mounting plate is in place.
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