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Abstract
This study examines the potential use of machine learning algorithms to
build a model to forecast the flashover occurrence in a single-floor, multiroom compartment fire. Synthetic temperature data for heat detectors in
different rooms are generated and more than 1000 simulation cases are
considered and a total of 8 million data points are utilized for model
development.
The development of P-Flash (Prediction model for Flashover occurrence)
is presented. Two special treatments, sequence segmentation and
learning from fitting, are proposed to overcome the temperature limitation
of heat detectors in real-life fire scenarios and to enhance prediction
capabilities to forecast the flashover occurrence even with situations
where there is no temperature data from all detectors. Experimental
evaluation shows that P-Flash offers reliable prediction. The model
performance is approximately 83 % and 81 %, respectively, for current
and future flashover occurrence, considering heat detector failure at
150 ̊C. Results demonstrate that P-Flash, a new data-driven model, may
provide fire fighters real-time, trustworthy, and actionable information to
enhance situational awareness, operational effectiveness, and safety for
firefighting.
Keywords: Machine learning, flashover occurrence prediction, synthetic
temperature data, detector failure, smart firefighting.
Introduction
Several research efforts have been conducted to develop data-driven
models to predict flashover conditions in a compartment fire. Richards et
al. [1] established an empirical relationship based on a wide range of test
data. Provided the estimated heat release rate (HRR), fire location and
compartment size could be obtained. Yet, the prediction is only suitable

for one-room compartments. Based on a generic algorithm, Neviackas
and Trouvé [2] obtained a generalized HRR which can be used to
determine flashover conditions in multi-room geometries. Overholt and
Ezekoye [3] also developed an inverse model using a predictor-corrected
method. Based on smoke layer temperature measurements, the
prediction accuracy of the model was shown to be within 60 s. However,
a challenging problem exists in which all models [1-3] rely on a complete
measurement data set obtained from laboratory equipment. In practical
situations, sensors such as heat and/or smoke detectors will stop
functioning at a certain elevated temperature [4]. If the required
temperature data is missing, the estimated HRR from these models will
become highly uncertain and subsequently, the prediction of flashover
based on the estimated HRR will be unreliable.
Unlike previous work [1-3], the temperature limitation for heat detectors
is considered in this paper with the objective to develop a machine
learning based model that can predict the current and the future flashover
occurrence even with missing temperature data due to malfunctioning
heat detectors.
Methodology
In this section, the development process of P-Flash (Prediction model for
Flashover occurrence) is presented.
Data Generation
Consider a single-story building with three compartments as shown in
Fig. 1. The dimensions of Room 1 are 3.5 m x 3.5 m and the dimensions
of Room 2 and Corridor are 4.5 m x 4.5 m and 3.5 m x 1 m, respectively.
The ceiling height is 2.5 m and it is identical for all compartments. For
simplicity, the material of all walls, ceilings, and floors is gypsum
wallboard. As seen in Fig. 1, there are 4 openings: 1) a window in
Room 1, 2) a door between Room 1 and Corridor, 3) a door between
Corridor and Room 2, and 4) an exit-door in Room 2. These openings
are fully opened and their detailed geometric configurations are provided
in [5]. There is one heat detector in each compartment and they are all
located at the center of the compartment about 4.5 cm away from the
ceiling. The outdoor conditions are typical with the temperature at 20 ˚C
and atmospheric pressure of 101 kPa.
Given the geometric settings provided above, CFAST Fire Data
Generator1 (CData) [6] is used to execute 1000 simulation runs with a
t-squared fire (which grows at a rate proportional to the time raised to the
second power) at the center in Room 1 for a wide range of peak heat
release rate (HRR) and time to HRR peak. Fig. 2 presents the mean
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CData is an in-house computer code that uses a validated fire simulation program, CFAST [7], as
the simulation engine. One advantage of using CFAST is that synthetic data can be generated
efficiently. In the future, more sophiscated fire simulation programs will be considered.

temperature profiles as a function of time for three detectors. The shaded
region represents two times the standard deviation of detector
temperature profiles over the 1000 different cases. It should be noted that
more sophisticated building geometries and fires involving more complex
stages (i.e. multi-floor buildings with ventilation controlled fires) can be
considered in the future.

Fig 1.

Schematic of the single-story multi-room compartment with a fire
shown in the center of Room 1.

Fig. 2. Mean detector temperature profiles and two times its standard
deviation in different compartments.

Sequence Segmentation for Detector Temperature Data
Loss of detector temperature signal is one of the major challenges for the
development of a machine learning (ML) based flashover prediction
model. For actual fire scenarios heat detectors cannot survive at elevated
temperature [4] and would fail at temperatures well below flashover. In
order to the overcome limited operating range, a special treatment to
preprocess the detector temperature profiles is needed.
Assuming the detectors stop functioning at 150 °C, Fig. 3 shows the
detector ideal temperature profiles and those with a cut-off temperature
at 150 °C for a simulation run with a fast-growth fire in Room 1. It can be
seen that the available data for the Room 1 detector is very limited. In
about 400 s, the temperature signal from Room 1 is lost and is artificially
converted into a constant (i.e. a value of zero for simplicity). Yet,
temperature signals from other compartments do exist. Given this
observation, it is believed that the use of the available temperature data
from other compartments will help to recover the detector temperature in
Room 1 which can be used to determine the flashover condition from the
room of fire origin.
Fig. 3 shows the implementation of sequence segmentation. The
temperature profiles are divided into 4 phases. Each phase contains
different available temperature signals. For example, signals from all
detectors are present in Phase I. In Phase II, signals from the Corridor
and Room 2 are available. In Phase III, only signals from Room 2 are left.
Since it is well known that training a ML algorithm based on misleading
data (i.e. zero temperature) jeopardizes the model accuracy, the use of
sequence segmentation allows the ML algorithm to take advantage of the
available signals from different phases. This treatment provides the basis
for the model architecture of P-Flash.

Fig. 3. Ideal detector and cut-off temperature for different phases.

P-Flash Architecture and Prediction Process
Fig. 4 depicts the model architecture and the prediction process of PFlash. In general, P-flash consists of two regression models (Rcorr and
RR2) and a memory component (M). Based on Fig. 3, the detector
temperature in Room 1 is lost in Phase II and onward. For that, Rcorr and
RR2 are developed to predict/recover the temperature in Room 1 in
different phases.

Fig. 4. Overview of P-Flash and the ML pipeline.

The primary difference between the two models is that Rcorr is trained
based on the available information obtained from Corridor, and RR2 is
trained based on Room 2. The memory component is a hybrid module: it
performs as storage to contain outputs from Rcorr and RR2 and to provide
temperature prediction of Room 1 using the stored information. This
architecture provides robust and flexible prediction capabilities to adapt
to more complex cases with a larger number and different types of
detectors. Since the prediction process of P-Flash requires a detailed
explanation, the full description is provided in [5] due to the page
limitations. However, key functions associated with procedures ① to ⑦
are highlighted below.
Feature Extraction (① to ③)
For development of the regression models, a set of features are needed.
Typically, these properties are obtained based on feature extraction. As
shown in Fig. 4, five different sets of features (F) are required to facilitate
the model training process. It should be noted that one can use the
original data as features (i.e. point-by-point temperature) to train a model.
If the features are not extracted to relate data characteristics (i.e. rate of
increase of temperature), it will be difficult for the model to learn any
useful information (i.e. trends and/or patterns) for reliable predictions.
Given the sets of temperature data, feature vectors (
and
in
Phase I,
and
in Phase II, and
in Phase III) are obtained
based on delta and gradient 2 . Statistical features of speed and
acceleration are further extracted. In terms of notation, the superscript
denotes the compartment that the features are used for training and the
subscript denotes the phase from which the original data is being taken.
For example,
represents the feature vectors being used to train
regression model, Rcorr, based on temperature data obtained from Phase
I. Readers can find the full list of features being obtained from Phase I,
II, and III in [5].
Training and Testing (④ to ⑥)
Support vector regression (SVR) [8] is used to develop the actual
regression models (Rcorr and RR2). A 5-fold cross validation [8] method is
applied to facilitate the training and testing process. In principle, the entire
dataset from 1000 simulation runs is randomly divided into 5 subsets and
each subset/fold contains 200 sessions. In general, one fold of data is
being used as testing data and the remaining 4 folds are being used as
training data. This process is carried out iteratively five times until all
5 different folds of data are being used as the testing set.
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Delta refers to the overall temperature increase over the entire phase period and gradient refers to
the rate of change of temperature increase through a time-window (see Fig. 4).

The trained regression models provide Room 1 temperature predictions
in Phase I to Phase III. Utilizing a grid search [8], the optimal
configurations for SVR are C = 100 and Gamma = 0.05 with a radial basis
function kernel.
Learning from Fitting (⑦)
In Phase IV, since all detectors are lost, no inputs are available and
therefore no reliable predictions can be made from the regression
models. In order to overcome this physical limitation, learning from fitting
is implemented to facilitate the temperature prediction for Room 1 based
on the historical temperature data of Room 1 (available temperature in
Phase I and predicted temperature obtained in Phase II and III). As seen
in Fig. 3, the increasing trend of the temperature in Room 1 is rather
monotonic and follows similar behavior of a t-squared fire. Based on
numerical experiment, a sigmoidal binding function is chosen for the
fitting process. Mathematically, it is expressed as:
=(
)/(
+ ) + where pi is the prediction and ti is the time
associated with index i. Optimization is carried to obtain a, b, and c to
produce a best fit to generalize the Room 1 temperature data in Phase I
to III. Given the best fit, Room 1 temperature in Phase IV can be
projected.
Results and Discussion
Figs. 5 show temperature predictions obtained from P-Flash for two
selected cases: 1) a fast growth fire with low peak HRR case and 2) a
medium growth fire with high peak HRR case. There are three sets of
curves in each figure: i) ground truth, ii) prediction with learning from
fitting (LFF), and iii) prediction without LFF. Each prediction curve is
composed of up to two lines: a) the red line represents the Room 1
temperature predictions associated with Phase II and III and b) the blue
line is for predictions in Phase IV. Since no prediction is needed for
Phase I, the comparison is omitted.
In Fig. 5a, P-Flash provides accurate temperature predictions of Room 1
in all phases and the benefit of using LFF is noticeable. After
approximately 1150 s, when all detectors are lost, P-Flash is still capable
of providing predictions with a similar trend and magnitude. For P-Flash
without LFF, the predictions rely on the regression models and it can be
shown that the temperature prediction increases unrealistically to as high
as 910 °C. It is worth noting that the discrepancy observed at around
250 s is probably due to the change in temperature increase. Physically,
it is the pivot point of its 2nd derivative where the rate of change of
temperature increase changes from positive to negative. Additional work
is under way to reduce such fluctuations.

In Fig. 5b, it can be seen that the temperature of Room 1 being recovered
from Phase II and III is in the fire growth stage. In the current version of
P-Flash, it does not have additional information to predict the
temperature decays. However, P-Flash is capable of predicting Room 1
temperature increase for flashover (i.e. temperature approaching
600 °C). In order to evaluate the model performance over 1000 different
cases, the mean absolute errors (MAE) are being calculated. Table 1
shows the MAE associated with different phases. It should be noted that
the above results are denoted as “current prediction” and this prediction
at time t is based on information obtained in time t.
Table 1. Performance summary for P-Flash with LFF.
Phase II

Phase III

Phase II &
III

Phase IV

Overall
Accuracy

MAE (°C)

MAE (°C)

MAE (°C)

MAE (°C)

%

Current
Prediction

11.3

13.4

13.0

30.7

83.2

Future
Prediction

12.9

15.5

13.4

37.6

81.7

In this work, it is important to evaluate the accuracy of the model in terms
of classifying the occurrence of flashover. The overall accuracy is
determined as the ratio of correct prediction within 20 s of the time of
flashover to the total number of flashover occurrence in 1000 cases.
As shown in Table 1, the model accuracy is approximately 83 % and
81 %, respectively, for the current and the future flashover occurrence.
On the fireground, knowing the room conditions of the fire origin is critical
for optimizing rescue strategies and applying firefighting tactics. For that,
P-Flash can forecast temperature in advance (i.e. 150 s) based on realtime information. As shown in Table 1, the MAE associated with future
prediction only increases slightly with the same level of model accuracy.

Figs. 5. Comparison between ground truth and predictions obtained from
P-Flash with and without LFF.

Conclusion and Outlook
The development of P-Flash is presented. Based on experimental
evaluation, P-Flash is capable of recovering required detector
temperature for the determination of flashover in the room of fire origin.
For practical use, P-Flash is under further development to handle more
realistic and complicated cases. Our goal is that P-Flash will provide
firefighters trustworthy and actionable information on the fireground to
enable smart firefighting.
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