
EFFICIENT VISUAL FIRE DETECTION APPLIED FOR VIDEO RETRIEVAL

Paulo Vinicius Koerich Borges∗▽, Joceli Mayer∗, Ebroul Izquierdo▽

LPDS - Dept. of Electrical Engineering, Federal University of Santa Catarina, Brazil.∗

MMV - Dept. of Electronic Engineering, Queen Mary, University of London, UK.▽

ABSTRACT

In this paper we propose a new image event detection method
for identifying fire in videos. Traditional image based fire detec-
tion is often applied in surveillance camera scenarios with well be-
haved background. In contrast, the proposed method is applied for
retrieval of fire catastrophes in newscast content, such that there
is great variation in fire and background characteristics, depend-
ing on the video instance. The method analyses the frame-to-frame
change in given features of potential fire regions. These features are
colour, area size, texture, boundary roughness and skewness of the
estimated fire regions. Because of flickering and random character-
istics of fire, these are powerful discriminants. The change of each
of these features is evaluated, and the results are combined accord-
ing to the Bayes classifier to to achieve a decision (i.e. fire happens,
fire does not happen). Experiments illustrated the applicability of
the method and the improved performance in comparison to other
techniques.

1. INTRODUCTION

Recently, automated retrieval of events in newscast videos has re-
ceived great attention by the research community [1, 2], basically
motivated by the interest of broadcasters in building large digital
archives of their assets for reuse of archived materials. A huge
amount of time and money is spend by news networks to find in
their archives events related to a fresh event that has just happened.
In this context, catastrophe related news are one of the most com-
mon topics that require automated retrieval, and this task is subject
to a number of large research projects [3, 4]. In the catastrophe
news, fire events are one of the most common topics, along with
bombings and floods. Efficient detection of fire in video contents
has proved to be an important research topic in the last few years
[3, 5, 6], with application not only in video retrieval but also in
surveillance in security systems.

In this paper we propose an efficient visual based event detec-
tion method for identifying fire in videos. Most of the visual based
fire detection proposed in the literature are applied in surveillance
camera scenarios with well behaved background. Otherwise, they
propose the use of filter banks [7], frequency transforms [8] and mo-
tion tracking, requiring more computational processing time, mak-
ing them unsuitable for video retrieval.

In contrast, the proposed method is applied for retrieval of fire
catastrophes in news content, such that there is great variation in fire
and background characteristics, depending on the video instance.
The method analyses the frame-to-frame change in given features of
potential fire regions. These features are colour, area size, texture,
boundary roughness and skewness of the estimated fire regions. Be-
cause of flickering and random characteristics of fire due the com-
bustion and air flow, these are efficient classifying features. The
change of each of these features is evaluated, and the results are
combined according to the Bayes classifier to determine whether or
not fire occurs in that frame. In contrast to some works [9], the goal
of this paper is not to identify fire pixels in a given image or video
frame, but to determine if fire occurs in the frame.
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The majority of the vision based fire detection systems employ
some type of hybrid model combining colour, geometry and motion
information. In general, fire detection systems use colour clues as a
precondition to generate seed areas for possible fire regions (called a
fire mask - FM - in this paper) since it is the most discerning feature.
An effective colour model for potential fire pixel determination is
thus essential for almost any vision based fire detection systems.
Assuming we have an efficient fire mask, the contributions in this
paper can be listed as follows:

(i) Unlike many works in the literature which use shape descrip-
tors to analyse the amount of flame motion, we use the boundary
roughness of the potential fire regions. This brings the same amount
of discernibility with a more efficient processing speed.

(ii) It has been frequently observed in the literature [10] that sat-
uration occurs in the red channel of fire regions. In order to exploit
this characteristic, we propose the use of the third order statistical
moment (skewness) of the potential fire region as a feature. This is
a simple and powerful discriminant, which significantly enhances
the detection performance.

(iii) We also propose the use of the variance as a feature, due to
the randomness observed in fire surfaces.

(iv) For real fire regions, the amount of fire varies from frame
to frame due to flame flickering. This is also used as a feature with
classification power.

(v) The features are combined with the Bayes classifier to
achieve an practical low detection error rate.

This paper is organised as follows. In Section 2 we review exist-
ing techniques, contrasting them with the proposed method. In Sec-
tion 3 we discuss colour and dynamic fire characteristics, proposing
efficient discrimination features for fire. In Section 4 we propose
a framework for classification, based on the Bayes classifier. In
Section 5 we present a experimental results, followed by relevant
conclusions in Section 6.

2. RELATED METHODS

There is not a large number of papers about fire detection in the
computer vision literature. The first works used purely a colour
based model [11], which is the initial step for many other algo-
rithms, including the one proposed in this paper.

In [12] the authors use pixel colours and their temporal varia-
tions. They use an approach that is based upon creating a Gaussian-
smoothed colour histogram to determine the fire-coloured pixels,
and then using the temporal variation of pixels to determine which
of these pixels are actually fire. However, this algorithm is also
essentially colour based, and does not exploit other statistical char-
acteristics of potential fire regions. In addition, temporal variation
in image pixel colour does not capture the temporal property of fire
which is more complex and benefits from a region level representa-
tion. As observed in [8], for example, pixels in the core of the fire
exhibit less temporal variation than the other pixels.

In [9] the authors propose the use of a fuzzy logic approach
which uses luminance and chrominance information to replace the
existing heuristic rules used to generate the FM. The implicit uncer-
tainties in the rules obtained from repeated experiments can be en-
coded in a fuzzy representation that is expressed in linguistic terms.
The authors argue that the single output decision quantity will then
give a better likelihood that a pixel is a fire pixel. Although a very
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good detection rate is achieved, the method is focused on images
and random changes of fire from frame to frame are not exploited.

The work presented in [7] also yields good results, where
boundary of flames are represented in wavelet domain and high fre-
quency nature of the boundaries of fire regions is also used as a clue
to model the flame flicker spatially. However, this work presents
two drawbacks: first, the algorithm assumes that the camera is sta-
tionary; and second, it presents a high computational complexity.
Considering that newscast videos have at least 25 frames per second
(fps), the analysis would be very time consuming for video retrieval
applications. A similar situation occurs in the work presented in [8],
which makes use of the Fourier transform for boundary description
of every potential fire region.

3. STATISTICAL CHARACTERISTICS OF FIRE

It is well known that fire has unique visual signatures. Colour, ge-
ometry, and motion of fire region are all essential features for effi-
cient classification. In general, in addition to colour, a region that
corresponds to fire can be captured in terms of the statistical charac-
teristics of the pixels in the region, and the spatial structure defined
by their boundaries variation within the region. The shape of a fire
region often keeps changing and exhibits a stochastic motion, which
depends on surrounding environmental factors such as the type of
burning elements and wind.

Based on these factors, in the following we propose several use-
ful features for detecting fire, explaining the physical characteristics
to validate their applicability.

3.1 Colour

According to most fire detection papers presented in the literature
and based on our own experiments, we notice that fire has very dis-
tinct colour characteristics, and although empirical, it is the more
powerful single feature for finding fire in video sequences. In tests
with 120 images in different resolutions and scenarios, it is reason-
able to assume that generally the colour of flames belongs to the
red-yellow range.

It is noticed that for a given fire pixel, the value of red channel
is greater than the green channel, and the value of the green channel
is greater than the value of blue channel. Several additional char-
acteristics also hold, such that for a given fire pixel f (m,n) in an
image f we have

fR(m,n) > f̄R (1)

where fR is the red channel representation of f and f̄R is the average
pixel value of fR. In addition,

fR(m,n) > fG(m,n) > fB(m,n) (2)

In general, using an extremely permissive threshold, the following
holds true:

fR(m,n) > 190, (3)

fG(m,n) > 100, (4)

fB(m,n) < 140. (5)

There are a few cases, however, that the above thresholds may fail,
specially in very bright or low quality recording conditions. For this
reason, we adopt a normalised relationship, as suggested in [13]:

0.25 ≤ fG(m,n)/( fR(m,n)+1) ≤ 0.65 (6)

0.05 ≤ fB(m,n)/( fR(m,n)+1) ≤ 0.45 (7)

0.20 ≤ fB(m,n)/( fG(m,n)+1) ≤ 0.60 (8)

(9)

bringing more robustness to illumination variations.
Based on the rules above a binary image called fire mask (FM)

for each frame is generated, where the values 1 or 0 indicate the
presence of absence of fire at the corresponding location in the im-
age f . We refer to the concatenation of pixels ‘1’ as fire blobs in

(a) Fire Area = 1692 pixels. (b) Fire area = 2473 pixels.

Figure 1: Illustration of the change in fire pixel area from frame to
frame.

this paper. The FM is then processed with a connected components
algorithm so that the potential fire blobs are concatenated in a con-
tiguous region.

Notice that the rules above are very permissive and many non-
fire regions may be included in the FM. For this reason, additional
analysis is necessary to further refine the results. To define a real
burning fire, in addition to using chromatics, statistical and dynamic
features are usually adopted to distinguish other fire aliases [10, 8].
Examples of these fire dynamics include the change in shape, flame
movement and flickering. The statistical and dynamic fire features
proposed in this paper are discussed next.

3.2 Randomness of Area Size

For the estimated fire pixel area, because of the fire flickering, a
change in the area of the FM necessarily occurs from frame to
frame, as illustrated in Fig. 1. Non-fire areas have a less random
change in the area size. The normalised area change ∆Ai for the i-th
frame is given by

∆Ai =
|Ai−Ai−1|

Ai
> λA (10)

where Ai corresponds to the area of the fire blobs representing the
potential fire regions in the FM and λA is a decision threshold.

3.3 Boundary Roughness

As discussed in Section 2, in [8], for example, the authors repre-
sent the shape of fire regions using Fourier Descriptors (FD) [14],
based on the coefficients of the Fourier Transform. However, in a
retrieval application, this solution presents two drawbacks: (i) re-
trieval demands a very high processing speed, and the evaluation
of the FD for every frame is a very time consuming operation; (ii)
although the FD are excellent shape descriptors, for fire detection
purposes what we are really interested is the randomness or rough-
ness of the shape, and not the shape itself, as fire does not have a
specific boundary characteristics. Therefore, we use the boundary
roughness of the potential fire region as a feature, given by the ratio
between perimeter and convex hull perimeter [15]. The convex hull
of a set of pixels S is the smallest convex set containing S , as illus-
trated in Fig. 2. Let Ci be the boundary roughness for the blobs in
the FM corresponding to the i-th frame in the video. The presence
of fire is assumed if

∆Ci =
Ci −Ci−1

Ci
> λC (11)

where λC represents a threshold in the rate of change. The inclu-
sion of the term Ci in the denominator normalises the metric to be
independent of the size of the blob.

Experiments illustrate that this is an excellent and computation-
ally efficient discriminant for the shape of fire regions, yielding sim-
ilar results to the use of FD.
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Figure 2: Illustration of the convex hull (red line) used to evaluate
the boundary roughness of the blob.

Figure 3: Eliminating potential fire regions through variance analy-
sis.

3.4 Texture

Unlike other false-alarm regions, like an yellow traffic sign, for ex-
ample, fire regions have a significant amount of texture characteris-
tics because of its random nature. Therefore, we use the variance of
the blobs as a feature to help eliminating non-fire blobs in the FM.
Experiments indicate that fire blobs usually have a variance σ> λσ,
where λσ = 50 is determined from a set of experimental analysis.
Fig. 3 illustrates how the use of the variance can reduce the false-
alarm rate of the FM.

3.5 Skewness

The skewness measures the degree of asymmetry of a distribution
around its mean [16]. It is zero when the distribution is symmetric,
positive if the distribution shape is more spread to the right and
negative if it is more spread to the left, as illustrated in Fig. 4.

As discussed in Section 3.1, fire regions have high pixel values
for the green and specially for the red channel. Very often, we ob-
serve a saturation in these channels, leading the histograms to the
upper side of the range, as illustrated in Fig. 5. This causes the
skewness of these distributions to have a high negative value. For
this reason, we employ the skewness as an useful feature to identify

negativepositive

Figure 4: Illustration of the effect of positive and negative skewness.

Figure 5: Illustration of the saturation effect in the histogram of the
red channel of the fire regions inside the blue boundaries.

fire regions. Let the skewness γ be defined as

γ =

1

J2

J∑

m=1

J∑

n=1

[ f (m,n)− f̄ ]3

σ3
f

(12)

A potential fire region present at frame i is assumed as real fire if

γi < λγ (13)

where λγ is a decision threshold. Experiments illustrate that fire
regions usually have γi < −1, and this is the value we use in the
experiments in Section 5.

4. CLASSIFICATION

Considering a stochastic interpretation of the features in this work
the Bayes classifier [14] is employed to combine the features, al-
though it is clear that different classifiers could also be tested.

For each frame i, a naive FM is initially created based on the
set of rules for colour, from Section 3.1. From this FM, a vector di

of features is obtained and the features are combined according to
the Bayes classifier. The features used are the ones discussed in the
previous section (area change, roughness, variance and red channel
skewness). A description on how to combine the features using this
technique can be found in [15]. A block diagram of the process is
given in Fig. 6. Therefore, the naive thresholds λA, λC , λγ and λσ
are not applied, but only give the reader a practical reference for the
typical values for these parameters.

Although some features have better classification power than
others, because all the discussed features are useful to discriminate
fire from non-fire, combining them increases the distance between
these two classes, and consequently reduces the detection error rate
[14], at the expense of increasing computational complexity.

5. EXPERIMENTS

In the experiments, we used as a test set a selection of videos
from the MESH [3] database of news content. This database is
formed of several instances of catastrophe related videos from the
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Figure 6: Block diagram illustrating the fire detection process for
each frame i, including the FM generation, the extraction of features
and the classification according to the Bayes classifier.

Figure 7: Illustration of an artificial fire-like region, with potential
false-negative.

Deutsche Welle network, containing several news reports related
to fire events. They include different kinds of fires such as build-
ing, wildland and residential fire, containing shots captured at day
time, dusk or night time. This diversity is convenient to evaluate
the performance of the system under different lighting and quality
conditions. The video selection also contains many shots of objects
with fire-like appearances such as sunsets and artificial background
from the news program, as illustrated in Fig. 7. Notice that, for this
figure, a naive classification based only on the set of rules described
in Section 3.1 would cause a wrong detection.

The video resolution is 768 × 576 and the frame rate is 25
frames per second (fps). There are approximately 532 minutes of
video (or 798,000 frames).

The frames are classified as “contains fire” or “does not con-
tain fire,” as discussed in Section 4. For training the classifier, 75
instances of fire in video sequences were used, generating a 4-D
decision surface. Fig. 8 illustrates a 3-D separating surface for dis-
criminating fire from non-fire regions, based on the features rough-
ness, variance and normalised area change.

The results using the proposed features are presented in Table 1.
This tables shows the false positive (wrongly assume the presence
of fire) rate and the false negative (wrongly assume the absence of
fire) rate. The rows corresponding to each feature represents the
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Figure 8: Illustration of a surface separating frames from fire to
non-fire classes, based on the features roughness, variance and nor-
malised area change.

Table 1: Experimental error rates.
Features Used False-Positive False-Negative

Colour 11.2% 0.04%
+ Skewness 2.2% -
+ Roughness 4.5% -
+ Area Change 3.2% -
+ Variance 7.9% -

Combination 0.9% -

error rates when that feature only is used to classify fire from non-
fire, after the basic colour based fire segmentation is done. The row
‘Combination’ corresponds to the results when all the features are
combined, as illustrated in Fig. 6. The results described in [8] and
[7] yield error rates similar to the system proposed here. However,
[7] assumes the camera is stationary and [8] makes use of frequency
transforms and motion tracking, requiring more computational pro-
cessing time, making them unsuitable for video retrieval. In [9] an
excellent detection rate is achieved (99%), however a false-positive
rate of 9.9% is obtained, which is considerably higher the rate in the
proposed method, when all the features are combined.

6. CONCLUSIONS

In this paper we have exploited important visual features of fire not
previously discussed in the literature, like boundary roughness and
skewness of the fire pixel distribution. The skewness, in particular,
is a very useful descriptor because of the frequent occurrence of sat-
uration in the red channel of fire regions. Also, we have proposed
modifications to motion based features, yielding an efficient perfor-
mance. In contrast to other methods which extract complicated fea-
tures, the features discussed here allow very fast processing, mak-
ing the system applicable not only for real time fire detection, but
also for video retrieval in news contents, which require faster than
real-time analysis. The experiments illustrate the applicability of
the method, with an average false-negative rate of 0.9% and a false-
positive rate of 0.4%.
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