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Abstract

Computational vision-based flame detection has drawn significant attention in the past decade
with camera surveillance systems becoming ubiquitous. Whereas many discriminating features,
such as color, shape, texture, etc., have been employed in the literature, this paper proposes a set
of motion features based on motion estimators. The key idea consists of exploiting the difference
between the turbulent, fast, fire motion, and the structured, rigid motion of other objects. Since
classical optical flow methods do not model the characteristics of fire motion (e.g., non-
smoothness of motion, non-constancy of intensity), two optical flow methods are specifically
designed for the fire detection task: optimal mass transport models fire with dynamic texture,
while a data-driven optical flow scheme models saturated flames. Then, characteristic features
related to the flow magnitudes and directions are computed from the flow fields to discriminate
between fire and non-fire motion. The proposed features are tested on a large video database to
demonstrate their practical usefulness. Moreover, a novel evaluation method is proposed by fire
simulations that allow for a controlled environment to analyze parameter influences, such as flame
saturation, spatial resolution, frame rate, and random noise.
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l. Introduction

Scope

Detecting the break-out of a fire rapidly is vital for prevention of material damage and
human casualties.

This is a particularly serious problem in situations of congested automobile traffic, naval
vessels, and heavy industry. Traditional point-sensors detect heat or smoke particles and are
quite successful for indoor fire detection. However, they cannot be applied in large open
spaces, such as hangars, ships, or in forests. This paper presents a video-detection approach
geared toward these scenarios where point-sensors may fail. In addition to covering a wide
viewing range, video cameras capture data from which additional information can be
extracted; for example, the precise location, extent, and rate of growth. Surveillance cameras
have recently become pervasive, installed by governments and businesses for applications
like license-plate recognition and robbery deterrence. Reliable vision-based fire detection
can feasibly take advantage of the existing infrastructure and significantly contribute to
public safety with little additional cost.

Vision-based detection is composed of the following three steps. Preprocessing (1) is
necessary to compensate for known sources of variability, e.g., camera hardware and
illumination. Feature extraction (2) is designed for the detection of a specific target; a
computation maps raw data to a canonical set of parameters to characterize the target.
Classification algorithms (3) use the computed features as input and make decision outputs
regarding the target's presence. Supervised machine-learning-based classification algorithms
such as neural networks (NN) are systematically trained on a data set of features and ground
truth.

The scope of this paper is illustrated in Fig. 1. While aspects of preprocessing (1) and
classification (3) are considered, the paper focuses on feature extraction (2): Motivated by
physical properties of fire, a set of novel optical flow features are designed for vision-based
fire detection.

Previous Work

Computer vision concepts are often inspired by human vision. A comprehensive and elegant
description of the human perception of fire was presented by the 16th century French poet
Du Bartas [1]: “Bright-flaming, heat-full fire, the source of motion.” Whereas Du Bartas
missed the characteristic reddish color that almost any vision-based detection algorithm
builds upon, e.g., [2], his quote covers most of the other features employed by previous
methods. High brightness or luminance causes image pixels to saturate—one feature utilized
in [3]-[5]. The instantaneous flame-like texture or spatial pattern are used in [4], [6], [7].
Features related to the flame's shape and change of shape are found in [3], [6], [7]. Also, the
flickering, typical of fire, presents a popular feature [3], [4], which has also been analyzed in
the wavelet domain [8], [9]. This paper is restricted to studying images in the visible
spectrum and emitted heat or infrared light is not considered, but it is used in a number of
approaches where infrared sensors are available [10]. Lastly, fire motion offers a whole suite
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of possible features. The authors of [11] consider the temporal variation of pixel intensity for
fixed pixel locations. More recently, [12] develops a more comprehensive statistical
approach by computing covariances of image quantities on small blocks, thus making use of
spatial and temporal patterns. These statistics are applied directly to the image data and these
methods are therefore comparably efficient. Optical flow estimators, on the other hand,
transform the image sequence into estimated motion fields, allowing for a more insightful
extraction of features. Classical optical flow algorithms are analyzed in [13] for the
recognition of various dynamic textures.

The contributions of this paper are: First, since classical optical flow methods are based on
assumptions, e.g., intensity constancy and flow smoothness, which are not met by fire
motion, we derive two optical flow estimators specifically designed for the detection of fire;
optimal mass transport exploits the dynamic texture of flames, whereas a non-smooth
modification of classical optical flow models saturated flames with no dynamic texture.
Second, a new set of optical flow features is presented for fire detection; these features
characterize magnitude and directionality of motion vectors. Third, thorough analysis on real
and synthetic data is performed; it demonstrates the features’ ability to reliably detect fire
while rejecting non-fire, rigidly moving objects. Finally, a novel way to evaluate fire
detectors using fire simulations is proposed; this method allows for the quantitative
evaluation of scene variability such as flame saturation, spatial resolution, frame rate and
noise.

The proposed research is different from recent work in dynamic texture analysis [13]-[16] in
that our design of the motion estimators and features is geared to the detection of flames.
See Table | for a comparison to [13], which employs classical optical flow methods for the
recognition of different dynamic textures. In our work, the optical flow estimators are
modified to model the properties of fire motion. In particular, a prior color transformation,
plus non-smooth regularization and brightness conserving optical flow are proposed. In
Section 111-B, detailed discussions explain how the extracted features differ compared to
[13]. As one major difference, we compute a spatial structure preserving feature based on a
unique property of the optimal mass transport solution. Regarding classification results, [13]
is not comparable to our work, since [13] only classifies between 26 particular instances of
dynamic textures (each one representing one class), and not between the presence/ absence
of an event (e.g., “fire”) among many videos. Moreover, the data in [13] is a specialized
high quality database, whereas our data comes from mass market and surveillance cameras.

Brightness conserving optical flow formulations have been employed in dynamic texture
segmentation tasks [15], [16], but no attempt was made in classifying them, e.g., as fire,
water, etc., using brightness conserving methods. Moreover, the optimal mass transport
introduced here differs in regularization, minimization and underlying data, as explained in
more detail in Section I1-B1.

Another related optical-flow-based paper is [17], where Lucas and Kanade [18] optical flow
is employed to detect smoke. A series of works [19]-[22] describe dynamic textures with
linear dynamical models, for which the dynamics can be learned for classification purposes,
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but no particular attention is given to fire content in these papers. A joint approach for
dynamic texture segmentation using both linear models and optical flow estimation to
account for camera motion is presented in [23].

Organization

Following Fig. 2 from left to right, this paper starts with a description of the proposed
algorithm. Section Il derives two optical flow formulations tailored to the fire detection task:
the first is the optimal mass transport (OMT) optical flow [24] for modeling dynamic
textures such as fire, and the second is a non-smooth optical flow model for rigid motion.
Section 111 describes the features extracted from the optical flow fields for classification.
Those features include quantities related to the flow magnitude and the flow directions.
Section 1V adds the auxiliary concepts of candidate regions and proposes to train a neural
net (NN) for fire detection. Finally, test results on real and synthetic data from fire
simulations are presented in Section V for qualitative and quantitative analysis.

Il. Optical Flow Estimation

A comprehensive survey of optical flow since the pioneering papers by Horn/Schunck [25]
and Lucas/Kanade [18] from 1981 is beyond the scope of this paper. However, the short
introduction in Section I1-A, should suffice to understand the issues of classical optical flow
when applied to fire detection. To ameliorate these issues, Sections 11-B and I1-C propose
the use of two novel optical flow estimations—Optimal Mass Transport (OMT) and Non-
Smooth Data (NSD)—that are specifically developed for the fire detection task.

A. Classical Optical Flow

Optical flow estimation computes correspondence between pixels in the current and the
previous frame of an image sequence. Central to most approaches in establishing this
correspondence is the assumption of intensity constancy: moving objects preserve their
intensity values from frame to frame. This assumption leads to the optical flow constraint

%I:Izu—f—fyv—f—It:O )

where | (X, y, t) is a sequence of intensity images with spatial coordinates (x, y) € Q and time
variable t € [0, T (subscripts denote partial derivatives). The flow vector [(u, V)] = (%, V¢
points into the direction where the pixel (%, y) is moving. In Eg. (1), I, Iy, and I; are given
image quantities and the equation is solved for u and v. This problem is ill-posed because
there are two unknowns in Eq. (1) and one equation per pixel. This is known as the aperture
problem, which states that only the optical flow component parallel to the image gradient
can be computed.

To obtain a unique solution, the optical flow algorithms make further assumptions on the
flow field, which is traditionally done by enforcing smoothness. Whereas Lucas-Kanade
optical flow [18] is an early representative of methods that assume flow constancy for pixels
in a neighborhood, this paper follows the point-wise approach, which applies conditions per
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pixel instead of constant neighborhoods. Point-wise methods generally attempt to minimize
a functional of the form

fogjrd.dta (I,u,v) +aryeg (w,v)dt dx dy (2)

where the data term rg,, represents the error from the optical flow constraint Eq. (1) and the
regularization term ryeq quantifies the smoothness of the flow field. The constant a controls
regularization. In the pivotal paper by Horn-Schunck [25], the data and regularization terms
are chosen as

o Tt Lut L) +a ([ Vul 3+ Vo3 e de dy. @

From this point, numerous advances have been achieved mostly by changing the
regularization term to be image-driven or anisotropic. The optical flow constraint Eq. (1)
remains central to all those advances. A detailed survey on related optical flow work can be
found in [26].

B. Optimal Mass Transport (OMT) Optical Flow

Classical optical flow models based on brightness constancy, 4 1= are inadequate to
model the appearance of fire for two reasons. First, fire does not satisfy the intensity
constancy assumption Eq. (1), since rapid (both spatially and temporally) change of intensity
occurs in the burning process due to fast pressure and heat dynamics. Second, smoothness
regularization may be counter-productive to the estimation of fire motion, which is expected
to have a turbulent, i.e., non-smooth, motion field. For these reasons, an optical flow
estimation modeling fire as a dynamic texture, the optimal mass transport (OMT) optical
flow, was introduced in [24]. A review of the OMT optical flow is given next.

1) Derivation—The optical flow problem is posed as a generalized mass—representing
image intensity I—transport problem, where the data term enforces mass conservation. The
conservation law is written as

L+V - (dI)=0 ()

where W =(u, U)T. With intensity | replaced by mass density, Eq. (4) is known in continuum
mechanics [27] as the continuity equation, which together with conservation of momentum
and conservation of energy form the equations of motion for inviscid fluids (liquids and
gases), such as fire. Therefore, Eq. (4) models the data term after a physical law fire must
obey. Further motivation for the use of intensity conservation for dynamic textures can be
found in [15].

Analogous to standard optical flow, the OMT optical flow model minimizes the total energy
defined as

1
minnglfg(It+V-(Iﬁ’))Q—f—aHﬁ)HgI dt dr dy (5)
u
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subject to the boundary conditions I(x, y, 0) = lg(X, ) and I(x, y, 1) = I1(X, y), where lg and I

are given gray-scale images. The transport energy ||R|\§I, which is the work needed to move
mass from a location at t = 0 to another location at t = 1, plays the role of the regularization
term in Eq. (5). A similar formulation of the optimal mass transport problem with mass
conservation Eq. (4) being a hard constraint, was introduced by [28].

The solution to this minimization problem is obtained through a “discretize-then-optimize”
approach: start by discretizing Eq. (5) as

~ 1
mjn% (w"1w) +5 Ut [Dol D1 @) (Lt [Dol D)) 6)
u
where - is a column vector containing uand v, and 7 is a matrix containing the average
intensity values (Ip 11)/2 on its diagonal. The derivatives are discretized by ;=11 — Iy and
the central-difference sparse-matrix derivative operators Dy and Dy. Now, the quantities b =
Iy, A=[Dyl Dyl] are defined it becomes clear that the function to be minimized is quadratic
in—

u

min% (UTfE’) +%(AE’ )" (AT —b). @

The solution is
w=(al+ATA) " (4T0). @

Since all matrices are sparse, the inversion can be performed quickly with numerical solvers.

While intensity conserving methods are not new, we believe that the proposed OMT optical
flow is novel for flame detection because of its regularization and numerical solution. For
example, [15] enforces smoothness on the curl and divergence of the flow field, whereas our
regularization originates from the optimal mass transport problem (Monge-Kantorovich
problem [29]), which seeks to minimize transport energy. We believe that this choice makes
physical sense since brightness conservation may be naturally regarded as mass
conservation. Thus utilizing the regularization motivated by Monge-Kantorovich fits quite
well into this framework. The solution is then obtained by a discretize-then-optimize
approach, whereas [15] optimizes in the continuous domain and then discretizes the
resulting optimality conditions. Moreover, in our approach, generalized mass is defined as
fire color similarity (not intensity), which is explained next.

2) Flame Color as Generalized Mass—In the original OMT optical flow [24]
formulation, the generalized mass is the pixel intensity I. This choice is based on the
assumption that high gas density translates to high intensity in the image. However, there are
other phenomena that map to high intensities also, such as the sky on a sunny day or a white
wall. In order to improve the chance of good segmentation between foreground and
background, this section introduces a new model for the generalized mass based on flame
color.
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Briefly, the generalized mass of a pixel is represented by the similarity to a center fire color
in the HSV color space (H, S, V € [0, 1]), which is chosen to be H. =0.083, S = V,=1,a
fully color-saturated and bright orange. Given the H, S and V values of a pixel, the
generalized mass is then computed as

I=f (min{|H. ~ H|, 1-|H.—H[})-S-V (@
where f is the logistic function
f(z)=1-(1+ezp(—a- (z — b)))71 (10)

and a =100, b =0.11 are chosen to give the weight function in Fig. 3. The hue bar in the x-
axis of Fig. 3 illustrates which colors correspond to different hue values. A larger value of b
would include more of the colors green and purple, which are atypical of fire. A smaller
value would exclude red and yellow hues. a is the slope of the transition and, from our
experience, is not a sensitive parameter, whereas b should be chosen to reasonably capture
fire hue. The color value V corresponds to intensity and the color-saturation Splays the role
of dismissing camera-saturated pixels. Although pixel saturation (i.e., color-saturation is
low) is sometimes used as a feature for fire detection, saturated regions are useless in the
optical flow context due to a lack of image gradient and dynamic texture. The
transformation in Eg. (9) will weight highly only the periphery of saturated fire regions
where camera-saturation tends to occur less. This property becomes visible in Fig. 4(c) and
(d), where the core of the fire center is saturated. The fire texture in Fig. 4(a), on the other
hand, is preserved in the generalized mass Fig. 4(b).

Note that fire classification is not performed based on the output of Eq. (9); this is a
preprocessing step to obtain the image on which optical flow is computed. For this reason,
the proposed color model does not have to be as accurate as when used as a feature. Fig. 5
shows two examples of OMT flow fields computed from the generalized mass images. It
illustrates OMT's ability to capture dynamic texture for the fire image and discriminate
between the rigid object's flow field, which appears much more structured.

C. Non-Smooth Data (NSD) Optical Flow

Under unfavorable lighting conditions, especially in closed spaces, fire blobs are likely
saturated, thus violating OMT's assumption that dynamic texture is present in fire.
Nevertheless, these blobs have boundary motion, which may be characterized by another
type of optical flow estimation. A novel optical flow energy functional called Non-Smooth
Data optical flow (NSD) and tailored to saturated fire blobs is proposed as

1
minz [o [o(TAVI - W) +a Wyt dr dy.
The choice of the data term being the optical flow constraint Eq. (1) is justified because

pixel saturation trivially implies intensity constancy. Also, the NSD is explicitly chosen to
be non-smooth since saturated fire blobs are expected to have non-smooth boundary motion.

The norm of the flow vector || ||3 regularizes the flow magnitude, but does not enforce
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smoothness. This choice, therefore, makes the NSD flow directions purely driven by the
data term under the constraint that flow magnitudes are not too large. While this method is
not expected to perform well for standard optical flow applications where flow smoothness
plays an important role, it proves useful for detecting saturated fire.

The solution to the minimization problem Eqg. (11) is as simple as applying basic arithmetic
operations to pre-computed image properties (as opposed to solving a system of equations),
which means the NSD optical flow is computationally inexpensive. The Euler-Lagrange
equations of Eq. (11) are written as

oL
5= (L+VI - ﬁ)) I.+au=0 (12a)
oL
o= (VI ) I,+av=0 (12b)

which, after a few manipulations, yield the solution

I 1,1,

U= — ————5——, V= — —5—.
IVI[2+a IVI[Z+a” @

Again, ly, ly, and I; are pre-computed image derivatives and a is the regularization
parameter. Fig. 6 shows NSD flow fields computed for a saturated fire and a rigidly moving
hat. Fire motion on the boundary is non-smooth in contrast to the hat's motion—a result
from the data-driven formulation of the NSD.

The following Section 11 illustrates characteristic fire features that are extracted from the
flow fields derived above.

lll. Optical Flow Features

A naive approach to vision-based detection is to use a supervised machine learning
algorithm trained directly on intensity values in the image. This approach will undoubtedly
underperform because the classification complexity increases exponentially with the
dimensionality of the problem, which in this case is equal to the number of pixels. Further,
the computational cost and the amount of training data required become prohibitively large.
Instead, feature extraction is employed by incorporating prior information (known physical
properties of the problem or human intuition) for the purpose of reducing the problem
dimensionality.

The optical flow computations in Section 11 do not reduce dimensionality, as the two M x N
images determine the values of the M - N, 2D, optical flow vectors. This transformation is an
intermediate step that provides a data set from which motion features can be extracted more
intuitively than would be possible from the original image. To do so, we pursue a region-
based as opposed to a pixel-based approach. Whereas the pixel-wise approach classifies
each pixel, the region-wise approach aims to classify a region as a whole by analyzing the
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set of all pixel values (in this case flow vectors) in that region. In the following section, the
proposed feature extraction is defined and motivated.

A. Pre-Selection of Essential Pixels

Static or almost static image regions should be excluded from consideration because our aim
is to characterize the type of motion an object is undergoing and they interfere with the
motion statistics. For example, the average flow magnitude of a moving object should not
depend on the size of the static background, which would be the case if the average was
computed over the entire image instead of just the moving region. The set of essential pixels,
which are pixels in motion, will therefore be defined as follows. Consider a frame or a
subregion of that frame  c R (Working on subregions is imperative when there are
several sources of motion in one frame, as explained in Section IV-A). Assume that the
optical flow field 7.y ., g2 is computed. Then, the set of essential pixels (), - ¢ is
defined as

2={(2.9) € 2T @9) |y>e mgal T} o

where 0 < ¢ < 1 is chosen such that a sufficiently large number of pixels is retained. In case
of extreme outliers, the parameter can be adjusted adaptively. For the data in Section V-A, a
value of ¢ = 0.2 provides sufficient motion segmentation across the database. In addition,
reliability measures [13] could be employed to suppress pixels with low motion information.
Some of the operations of feature extraction will be performed on this subset Qg of
“sufficiently moving” pixels.

B. Feature Extraction

In [13] a list of optical flow features is introduced, which is complete in that it considers all
possible first-order distortions of a pixel. Those distortions are then averaged within a
spatio-temporal block to yield the probability of a characteristic direction or of a
characteristic magnitude. Reference [13] also mentions that the highest discriminating power
comes from the characteristic direction and magnitude of the flow vector itself, not
considering distortions. This observation matches our experience from early prototyping
where flow derivatives seemed to have very little discriminating power and were thus
removed from further consideration. Given the flow vectors, we propose four features

fid — Ri=1,..., 4defining the four dimensional feature vector F = (fy, fp, f3, fa)T.
These features share the general idea with [13] to use “characteristic” motion magnitude and
direction, yet are not the same. In particular, our magnitude features f; and f, measure mean
magnitude as opposed to relative homogeneity of the magnitudes within a block in [13]. Our
choice is straightforward for fire detection considering the color transformation in Section
11-B2, thus biasing the detector to fire-like colored moving objects. The other two features f3
and f4 then analyze motion directionality. The OMT feature f3 takes into account spatial
structure of the flow vectors, a strategy not considered in [13] where all vectors are averaged
regardless of their location. Moreover, whereas [13] identifies the presence of one
characteristic direction, feature f, is more general in that it can detect multiple characteristic
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directions. Thus, given an image region and the optical flow fields W
region, the features are chosen as follows.

and ., in that

OMT

1) OMT Transport Energy—This feature measures the mean OMT transport energy per
pixel in a subregion

I 2
flzl\fgan <§||E)OMT||2> - (19)

After the color transformation in Section 11-B2, fire and other moving objects in the fire-
colored spectrum, are expected to produce high values for this feature.

2) NSD Flow Magnitude—Similarly, the mean of the regularization term of the NSD
optical flow energy Eq. (11) constitutes the second feature

1 2
fa=tgan (51%es) - a9

The first two features, f1, o, will have high values for moving, fire-colored objects. The last
two features distinguish turbulent fire motion from rigid motion by comparing flow
directionality.

3) OMT Sink/Source Matching—It is known [30] that solutions to OMT problems are
curl-free mappings. For the turbulent motion of fire, this property tends to create flow fields
with vector sinks and sources, a typical case of which is displayed in Fig. 7(b). For rigid
motion, the flow field tends to be comprised of parallel vectors indicating rigid translation of
mass.

The third feature is designed to quantify how well an ideal source flow template matches the
computed OMT flow field. The template is defined as

— | oup(zy) ) _ _ 2,9 T
Ur (w,y)—< vy (,7) )—exp( Vet ) ) an
and shown in Fig. 7(a). Then, the best match is obtained by

Uonr Vour
Up*k 7 | + |V * 7= (18)
( ’ ||ﬁ)0AYT||2) ( ’ ||E>OJWT||2)‘

3=max
fy=mg

where denotes convolution.

4) NSD Directional Variance—The final feature distinguishes the boundary motion of
saturated fire blobs from rigidly moving objects by quantifying the variance of flow
directions at moving pixels. A high variance suggests uncor-related motion in many
different directions, whereas a low variance characterizes nearly uni-directional motion.

The implementation starts by estimating the flow field histogram
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h(r,¢) =Hist (Wysn) (19

using kernel density estimation [31]. For notational convenience, the histogram h(r, ¢) is

written in polar coordinates, where 7= v/ u2+v? represents the flow vector magnitude and ¢
= arctan (v/u) the flow vector direction. Fig. 8 shows the motion histograms of the flows
from Fig. 6. As expected, the flow vectors for fire motion are scattered around the origin,
whereas the flow vectors for rigid motion point predominantly in one direction (up and to
the right, in this case). This correlation is measured by the fourth feature as

fa=Var{s;, i=0,...,n—1} (20)
where

_101325}2”” (r.6)do_dr

f 0 ( )d¢ dr )

The domain is discretized into wedges s, and each s represents the ratio of pixels whose
flow vector points in a direction between 2i/n < ¢ < 27(i + 1)/n. For a flow field pointing
mainly in one direction, only a few of the s are large, and consequently, the value for f4 is
high. On the other hand, if the proportion of vectors pointing in each direction is
approximately equal, all of the s will be similar, and f4 will have a low value.

Feature f, is more versatile for detecting rigid motion than the probability of a characteristic
flow direction in [13]: For example, consider a flow field where half of the pixels point in
one direction, and half in the opposite direction, which we would associate with rigid motion
having two characteristic directions. Feature f4 will still yield a fairly high value indicating
rigid motion, whereas in [13] the probability of a characteristic motion is practically zero
since opposite vectors cancel each other out.

IV. Detection Algorithm

This section touches on two more topics required for an end-to-end detection system.
Section IV-A shows how candidate regions, i.e., suspicious subregions of the image, can be
created automatically and why this step is important. Then, Section 1V-B explains how a
candidate region is classified as fire or non-fire based on its feature vector, F.

A. Providing Candidate Regions

Computing optical flow and extracting features from an entire frame is unfavorable for two
reasons. First, computation time increases as the domain Q grows, and more importantly, the
classification fails for scenes with more than one source of motion (e.g., a fire in the corner
and a person walking in the center) since the motion statistics of the regions will be
averaged and become no longer discriminatory. Therefore, it is essential for the proposed
method that a segmentation of different sources of motion be provided, which the detection
algorithm then classifies individually.
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A connected region (), C () containing a single source of motion is called a candidate
region. There may be more than one candidate region in the current image, ¢, i =1, 2,..., N

and Uilﬂi C Q for each frame where N varies with time. Many publications construct
candidate regions from color values and background estimation. Given a candidate region
Q, optical flow is computed on Q, the features in Section Il are computed, and Q¢ is
classified as a fire or nonfire region. While this approach is sufficient for our purposes, a
more powerful method is given by tracking candidate regions using active contours as
proposed by [32]. Briefly, a candidate region is defined by an active contour based on the
Chan-Vese energy [33] that separates the mean of the optical flow magnitude inside and
outside of the contour. The main advantage of tracking contours over time is that previous
classification results of a candidate region can be incorporated in the current decision.

This paper focuses on optical flow features. Hence, it is assumed that homogeneous (i.e.,
belonging to the same moving object or part of the background) candidate regions are
available.

B. Region Classification via Neural Network

The simplest way of classifying a candidate region based on its feature vector F = (f1, f, f3,
f4)T is to threshold each of the features fi based on heuristically determined cutoff values and
make a decision by majority voting. However, better results can be achieved by learning the
classification boundary with a machine learning approach such as neural networks. Training
the neural network (NN) means performing a non-linear regression in the feature space to
best separate the labeled training data into classes. Given a set of feature vectors Fp,, n =

1, ..., Nand their respective true class C, (e.9., Cp, = 1 (C,, = 0) means contour n is a fire
(non-fire) blob), the regression model C:R* — R used in a NN is

M
C(F)=0o <Z W @, (F)) . (22
m=1

Here, the o(') is an activation function and the ®(-) are fixed basis functions. The goal is to
find the weights w = (w1, ..., wy;) that minimize an error function

2

1 - -
E =— c - .
w)=5210 (F) -Gl @
The basis functions used for this paper are

4
3, (F)=h (Zwmnfn+wmo> (24)

n=1

where features, f,,, are the inputs to the NN and h(:) is an activation function (so-called
hidden unit), typically taken be a sigmoid.

During the training phase, training examples are provided {Fp, Cp), n=1,..., N} and the
energy in Eq. (23) is optimized wyy, and Wy In the testing phase, a feature vector F is
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supplied and the output in Eq. (22) is a probability that the feature vector F is associated
with a particular class.

Note that neural networks are just one of many possible choices for learning the class
separation boundaries. For instance, support vector machines (SVM) are expected to
produce similar results. Selecting discriminatory features, not choosing the classifier, is most
important for correct classification. More information on these topics can be found in [34].

V. Analysis and Test Results

The results section evaluates the proposed features’ performance in three ways. First, the
algorithm is tested on a large video database. Since the absolute values of false detection
rates are highly dependent on the testing and training data, a qualitative assessment of the
results follows. Finally, a novel method of analyzing fire detectors is introduced by using
synthetic fire simulations; they allow for a quantitative investigation into how flame
saturation, spatial resolution, frame rate and noise influence detection.

A. Tests on Video Database

The algorithm is tested on a database provided by United Technologies Research Center
(UTRC), Connecticut, USA. The database features various scenarios including indoor/
outdoor, far/close distance, different types of flames (wood, gas, etc.), changing lighting
conditions, partial occlusions, etc. The videos have a frame rate of 30 frames/second and
spatial dimension of 240 by 360 pixels. From each of the 263 scenarios (containing 169 fire
and 94 non-fire sequences), 10 consecutive frames are labeled as ground truth providing a
test database of 2630 frames. Note that the non-fire scenarios are chosen to be probable false
positives, namely moving and/or fire-colored objects such as cars, people, red leaves, lights
and general background clutter. A neural network was trained on frames from 20 of those
videos not used in the test database. The test result shows that fire is reliably detected using
optical flow features only: the false positive rate (fire is detected when no fire is present) is
fy = 3.19% and the false negative rate (no fire detected where there is a fire) is f, = 3.55%.
These false detections rates are competitive with recently published, full-fledged fire
detection systems, e.g. [2]: fp = 31.5%, fj, 1.0%, [3]: f 0.68%, f, 0.028%, [4]: f, = 0.30%, f,
=12.36% [12] (average among test videos): f, = 3.34%, f, = 21.50%. Since this paper
explores the discriminatory power of optical flow features only rather than building a
complete fire detector, we report the false detection rates as a feasibility check that the
proposed features work on a large set of data. More careful analyses of the detector's
properties and limitations, are explored in the following paragraphs.

B. Qualitative Analysis on Real Videos

Example scenarios from the above tests are given in this section to illustrate successful
classifications as well as typical false detections and their causes. Fig. 9 illustrates successful
fire detections and Fig. 10 shows two examples of correctly classified non-fire scenes. In
Fig. 10, the printing on the jacket and the truck entering at the bottom right are moving, fire-
like colored (the truck has a reddish tint) objects. Nevertheless, due to their structured
motion, these scenarios are correctly classified as not fire.
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Occasional false negative detections were observed in four types of scenarios. First,
horizontal lines resulting from structured noise in Fig. 11(a) introduce structure to the
otherwise turbulent fire motion. Structured noise must to be avoided, therefore, when using
the proposed features. Second, as in Fig. 11(b), the flame color is oddly distorted to a blue
tinge which causes the color transformation in Eq. (9) to assign low mass and thus, low
motion magnitude. Third, insufficient spatial resolution, as in Fig. 11(c), leads to very few
pixels belonging to fire and motion structure cannot be detected. Lastly, partial occlusions
may make the detector fail, as shown in Fig. 11(d), because the occluding object's edge
causes motion vectors along that edge to be strongly aligned in the direction of the image
gradient. Line detection algorithms could be employed as a preprocessing step to exclude
edge pixels from consideration.

Regarding false positive detections, two deficiencies were observed. In Fig. 12(a), random
noise on the red exit sign causes the motion field to have significant magnitude and turbulent
directionality. Noise-reducing preprocessing can alleviate this problem, but other problems
such as loss of texture detail may arise as a result. If spatial resolution is sufficient, multi-
resolution techniques could be considered as well. Another false detection was observed for
fast rotational motion (in combination with low spatial resolution) as seen in the case of the
orange print on the truck in Fig. 12(b); the truck makes a sharp turn and undergoes a large
perspective change. A change in perspective does not satisfy the intensity constancy
assumption Eq. (1) as self-occlusions occur and intensity disappears during the rotation. In
order to successfully reject such scenarios, a track-and-detect algorithm as proposed in [32]
can monitor the scene and set off alarm only if the anomaly persists.

C. Quantitative Analysis on Simulated Videos

Lastly, an experiment is presented that further illustrates and substantiates the key idea of
the paper. Since this experiment is based on synthetic data from fire simulations, there is a
controlled test environment that allows for the quantitative analysis of parameter influences
such as flame saturation, spatial resolution, frame rate and random noise. The fire simulator
and relevant files can be downloaded at https://github.com/pkarasev3/phosphorik.

Fire Simulation—Fire simulation has become an important tool in modern multi-media
applications such as movies, video games, etc. In our application, these simulations serve to
generate synthetic ground truth for testing of the vision-based fire detector. Clearly, the
physics of fire cannot be modeled exactly, but the basic physical laws are well explored in
the field of continuum mechanics [35]. Furthermore, despite not mimicking real fire videos
precisely, simulations pose similar challenges for a fire detector but in a way that can be
quantified. The fire simulations used in this paper are inspired by [36], [37] and employ the
inviscid Euler equations [27] to model the physics. From the simulated physical quantities
such as heat and pressure, images are rendered using concepts such as light scattering and
color models.

Experiment—We create a sequence of images where fire is simulated (fire sequence), as
shown in Fig. 13(a). We then create another sequence of images made up of identical fire
frames shifted horizontally left to right (rigid sequence). The size of the shift is chosen such
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that the energy features f1 and f, in Eq. (15) and (16) are similar to the ones in the fire
sequence. Frames from the rigid sequence are shown in Fig. 13(b). The same process is
repeated for four more backgrounds other than black, as shown in Fig. 13(c). Note that the
background affects the rendering of the fire flame; so, different backgrounds introduce some
variability in the appearance of the flame. Overall, there are five fire and five rigid
sequences. The goal is to distinguish between a fire and a moving image of a fire in a video
based on the directional features f3 and f4 in Eq. (18) and (20). We observe that just about
any static feature used in the literature will typically fail this experiment, as will many
temporal features if they only quantify the magnitude of the change.

Analysis—Fig. 14 plots the feature values f3 and f, for the frames of the experiment
described above. Intuitively, if the data points from the rigid sequences are well separated
from the points belonging to the fire sequences, the features effectively discriminate
between the two classes (rigid and fire). How well the features discriminate will be
measured quantitatively by fitting a line L in the f3—f4 space such that the two classes are
best separated i.e,

E= Z w (7) (dist (L, fL>)2 (25)

i=frames

is minimized. Here, /'= (fsf, fi) is the feature point for frame i in the f3- 4 space. The
weighting function w(i) is defined as

w(z’):{ 1, if ¢ is fire (rigid) and below (above) 6)

L
100, if ¢ is fire (rigid) and above (below) L

and assures that points on the wrong side of L are penalized more to achieve the best
possible separation. The optimal separation line L is also plotted in Fig. 14. As expected, the
directional features are capable of separating the feature points with only a few points lying
on the wrong side, but still close to the separation line.

The resulting minimal error Eqyj, for Eq. (25) quantifies how well the directional features
perform in the experiment. Moreover, the slope sof L indicates which feature is having a
bigger impact; for instance, if the slope is large, the OMT feature f3 explains the difference
between classes to a large degree, and if the slope is small, the NSD feature f4 is most
discriminatory. Based on these two quantities, the following experiments analyze the
influence of video parameter changes.

1) Flame Saturation: The first experiment was performed using a flame saturation value of
15. In the fire simulations, it is possible to vary the saturation value that changes flames
from totally transparent (value 0) to totally white or fully saturated (value 100). Frames for
several different saturation values are shown in Fig. 13(d). Repeating the above experiment
for different saturation values, the analysis of the result in terms of Enyi,, and the slope of the
separation line s, yields Fig. 15(a). It is observed that the error first decreases for increasing
saturation and then increases for saturations of higher than 10. This result shows that the
detector performs best when the flame is not too dim and not too saturated. Moreover the
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slope stends to decrease with higher saturation, which is expected since the OMT feature f3
was designed for dynamic textures, and the NSD feature f; dominates when the flame is
saturated and appears more like a rigid object.

2) Spatial Resolution: In this experiment, we vary the size of the images. The images
shown so far have been 128 x 128 pixels. By repeating the experiments for different image
sizes with the flame size changing proportionally, Fig. 15(b) is obtained. The key
observation is that there is a certain minimum size of about 70 x 70 pixels needed to
guarantee sufficient resolution to compute apparent motion. Above this minimum size,
performance is almost invariant under spatial resolution. The slope of the separation line
(apart from the first two stems where the detector breaks) seems positively related to the
image size, i.e. the OMT feature relies more on a high spatial resolution than the NSD
feature does.

3) Frame Rate: It is known that fire flickers at a rate of roughly 10 H z To relate simulation
time to real time, the flicker rate in the simulation is compared to this rate. Thus, the time
step in the simulation can be chosen to correspond to a particular frame rate in real time. A
slightly decreasing trend is observed for the error in Fig. 15(c), when increasing the frame
rate from initially 30 frames/sec. The absolute change is small compared to the size changes
seen above; this means that the features are robust with respect to temporal resolution. No
correlation between the slope of the separation line and the frame rate is observed.

4) Gaussian Noise: Finally, the influence of random noise is studied. Each channel of the
RGB-images (scaled between 0 and 255) is perturbed by additive, zero mean, i.i.d. Gaussian
noise while the standard deviation is varied. As seen in Fig. 15(c), up to a standard deviation
of 7, the detector is separating the two types of motion increasingly worse. For standard
deviations higher than 7, the detector can no longer discriminate between classes. Random
noise should, therefore, be avoided when applying the proposed features. The slope is
increasing with the noise level as well; this occurs because the NSD optical flow is error-
prone to local noise. The OMT optical flow, on the other hand, connects neighboring pixels
in its system matrix, thus allowing for some smoothing effect to take place.

D. Comparison to OpenCV Horn-Schunck

This last section intends to show the inadequacy of standard Horn-Schunck for fire videos, a
claim made earlier in the paper. For that purpose, the simulation experiment from Section V-
C resulting in Fig. 14 is repeated for the OpenCV implementation of Horn-Schunck
(CVHS), which is shown to work best among the methods considered in [13] for dynamic
texture recognition. In our tests, different choices for the regularization parameter (1 = 0.25
and A = 0.5) do not result in qualitative differences. In order to be able to compare the
experiment to Fig. 14, the best two features from [13] are extracted from the CVHS flow
fields, which are the probability of having a characteristic direction ¢[v] and of having a
characteristic magnitude A[v]. Fig. 16 shows the result for the simulated fire (red) and the
rigidsequence (blue).Whereas the CVHS features work well for a black background, scene
variability in form of non-trivial backgrounds make the features unreliable: The feature
points in the bottom-left corner strongly overlap for fire and rigid scenes. Moreover, observe
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that for the rigid sequences, the CVHS features form separated clusters for each background,
whereas for the fire sequences, the features are all mixed (except for black background).
This shows that standard Horn-Schunck yields consistent results for different backgrounds
in the case of rigid motion, but becomes unpredictable for fire content since fire does not
satisfy the brightness constancy plus smoothness assumptions.

VI. Conclusion

The very interesting dynamics of flames have motivated the use of motion estimators to
distinguish fire from other types of motion. Two novel optical flow estimators, OMT and
NSD, have been presented that overcome insufficiencies of classical optical flow models
when applied to fire content. The obtained motion fields provide useful space on which to
define motion features. These features reliably detect fire and reject non-fire motion, as
demonstrated on a large dataset of real videos. Few false detections are observed in the
presence of significant noise, partial occlusions, and rapid angle change. In an experiment
using fire simulations, the discriminatory power of the selected features is demonstrated to
separate fire motion from rigid motion. The controlled nature of this experiment allows for
the quantitative evaluation of parameter changes. Key results are the need for a minimum
spatial resolution, robustness to changes in the frame rate, and maximum allowable bounds
on the additive noise level. Future work includes the development of optical flow estimators
with improved robustness to noise that take into account more than two frames at a time.
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The proposed algorithm is quantitatively evaluated across four
scene parameters under varying backgrounds.

Scene
Variability saturation
\lf)idteo tFire tial
etection ; end
noise resolution
frame
rate
textured
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extraction
Error
_ Sources
Algorithms optical
flow briah
models right
backgrounds
Motion of rigid objects and rigid
fire map to different optical .
flow features. motion
Fig. 1.

A Visual outline of the scope of this paper. The underlying goal of the research is improved robustness to rigid motion of fire-
colored objects and unfavorable backgrounds, which tend to cause many false detections in current systems.
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Fig. 2.

The Proposed fire detection algorithm. The paper's focus is put on the feature extraction block, where two optical flow fields
(OMT and NSD) are computed in parallel from which the 4D feature vector is built.
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Hue term f(min{|H. - H|, 1 -|Hc - H|[}) in Eq. (9).
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Fig. 4.
Two examples for the generalized mass transformation Eq. (9). (a) and (c): Original images. (b) and (d): Respective generalized
mass (black - 0, white - 1). Fire texture is preserved, saturated regions are assigned as low mass.
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Fig. 5.
OMT flow fields: fire with dynamic texture (left) and a white hat (right) moving up/right. The red box indicates the area for
which the flow field is shown.
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Fig. 6.
NSD flow fields: saturated fire (left) and a white hat (right) moving up/right. The red box indicates the area for which the flow
field is shown.
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Fig. 7.

(a) Ideal source flow template and (b) OMT flow field for the fire image in Fig. 5. The source matching feature is obtained by
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the maximum absolute value of the convolution between (a) and (b).
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(a) Fire motion histogram. (b) Rigid motion histogram.
Fig. 8.

Motion histograms for flows in Fig. 6. (a) (fire) has a multi-directional distribution, whereas (b) (hat) is dominantly moving up

and right.
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Fig. 9.
Examples of detected fire scenes with the resulting probabilities.
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(a) fire-colored moving text (b) truck entering (bottom right)

Fig. 10.
Examples of potential false positives correctly classified as non-fire scenes with the resulting probabilities.
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(c) resolution insufficiency (d) occlusion

Fig. 11.
Examples of false negative detections (Fire scene falsely classified as non-fire scene) with the resulting probabilities.
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(a) noise (exit sign) (b) fast rotational motion

Fig. 12.
Examples of false positive detections (Non-fire scene falsely classified as fire scene) with the resulting probabilities.
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(a) Subsequent frames (at times = 1, 2, 3, 4) from “fire sequence”: fire is
simulated over time.

(b) Subsequent frames (at times = 1, 2, 3, 4) from “rigid sequence”: fire
image is shifted to the right over time.

g

(c) Different backgrounds (in addition to “black”) are used to introduce

” LEIT3

variability: “valley”, “city”, “tree”, and “sky”. The figure shows the flame
at time = 1 for those backgrounds.

(d) Test 1) analyzes variations of the flame saturation. The flames in rows
(a) to (c) have a saturation value of 15 (on a scale from 0 to 100). Shown
here are the saturation values 6, 10, 20, and 40 for the flame at time = 1.

Fig. 13.
Sample frames from the fire simulation experiment.
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Directional features f3 and f4 for frames from the simulation experiment. Each marker corresponds to one frame. Different
markers indicate different backgrounds: asterisk - black, circle - city, cross - tree, diamond -valley, and square - sky. The
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Fig. 14.

0.6

separation line L best separates the two clusters according to Eq. (25).
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Fig. 15.

Influence of parameter changes on the error Eq. (25) and the slope of the separation line L in Fig. 14.
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Fig. 16.
From OpenCV Horn-Schunck (CVHS) computed on the simulation experiment in Section V-C, the probability of characteristic
% direction ¢[v] and the probability of characteristic magnitude A[v] as defined in [13] are extracted. This figure stands in direct
o comparison to Fig. 14 (asterisk - black, circle - city, cross - tree, diamond - valley, square - sky). It is observed that CVHS works
> well only for black background, whereas for non-trivial backgrounds, the features become unreliable.
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TABLE |

Comparison to Dynamic Texture Recognition [13]

Fazekaset al. [13] Our Work
Optical Flow  Standard Target-specific
Features Spatially averaged, from one flow field  Structure preserving, from two flow fields
Classification  Recognition of textures Detection of flames
Video Type Specialized (high quality) Mass market cameras
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