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Abstract — Computer Vision based systems have already
been proposed to detect fire automatically. To increase the
reliability of such systems, Gaussian Mixture Models of fire need
to be developed in order to decide if an object in a scene is a fire
or no. The models are trained using color images in RGB color
model. We, however, believe HSV model is more suitable to
present the statistics of a set of colored images precisely. To
vindicate this claim, the paper includes a rigorous comparative
evaluation of the two aforementioned color models in a fire
detection system to demonstrate the superiority of the HSV color
model. It makes hence the recommendation of using the latter
model in vision based fire detection systems.
Keywords — fire detection system; Gaussian mixture model;
HSV model; RGB model

I.

INTRODUCTION

Fire is a good servant, but a bad master. Since the
beginning of the world, fire has offered to humans vital
services, e.g. used to cook food, warm up, light up, etc.
Nevertheless, fires can cause significant damage to lives,
livelihoods and infrastructure. Conventional point fire and
smoke detectors are distance limited and fail in open or large
spaces. They are often slow in their responses and their
reliability is sometimes even questionable. As an alternative,
vision based fire detection systems can be the solution. In fact,
with the increase in the number of surveillance cameras being
deployed, a vision based fire detection capability can be
incorporated in existing surveillance systems at relatively low
additional cost.
A set of computer vision fire/smoke detection systems have
been proposed to date [1]-[3]. They mainly employ
thresholding segmentation techniques on the RGB components
of the video frames. However, these algorithms lead to high
false alarm rate in scenes under specific lighting conditions or
when video frames contain “safe” but fire-like colored objects.
To overcome this limitation, Töreyin et al. proposed in [1] a
more robust and reliable system whereby the fire detection
decision is made not only on the color of the pixels but after
analyzing, in the wavelet domain, the temporal dynamic of the
pixels at the contours of suspected fire sections as well as the
spatial distribution of these sections using Hidden Markov
model. Although implemented, the latter technique will not be
discussed here because of the paper size limit. Rather, we
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propose an enhancement to Töreyin system by recommending
the use of HSV color model instead of the RGB’s.
The rest of the paper is organized as follows. Section 2
describes the structure of the fire system used in our
investigation. Section 3 compares the performances of this
system against real video data with RGB and HSV color
models. The paper ends with a conclusion.
II.

FIRE DETECTION SYSTEM

In the following, we describe how parts of the fire detection
system reported in [4] are used to build our system.
A. Background Removal
The first step of fire detection algorithm is background
removal. The algorithm used in [4] is based on background
subtraction using dynamically updated background and
threshold models from a video stream denoted by In(x) where I
is the intensity of pixel x = (i, j) at frame n. The background
model Bn(x) is initialized by setting B0=I0. New background
intensity B(n+1)(x) value at the same position x in the next frame
“n+1” is estimated as given in (1), where α is a positive real
number close to 1.

⎧αB ( x) + (1 − α ) I n → non − moving x
(1)
Bn +1 ( x) = ⎨ n
Bn ( x)
→ moving x
⎩
The pixel at position x is assumed moving (part of the
foreground image) if it verifies (2), where Tn is an estimated
threshold.

I F = I n ( x) − Bn ( x) > Tn ( x)

(2)

The value Tn(x) in (2) is recursively updated at each frame
as given in (3), where C is the local temporal standard
deviation of intensity.

⎧αTn ( x) + (1 − α ) ⋅ (C I n ( x) − Bn ( x) )
⎪
Tn+1 ( x) = ⎨
(3)
→ non − moving x
⎪T (n) → moving x
⎩ x
To set the initial threshold values T0(x) and unlike in [4],
we propose to use Otsu’s algorithm [5] applied on the absolute
difference between the second and first video frames, see (4).

T0 = Otsu ' s[ I 2 − I1 ]

(4)

Fig. 1 gives the result of this algorithm execution on the
video of Fig. 1 (a). The algorithm was able to detect the
moving person and the smoke area (see Fig. 1(b)). Small
leftover spots are caused by transient change in the video
luminance at the fence section.

Fig. 2. Estimated GMM in RGB color model with ten Gaussian distributions.

Fig. 1. Example of background removal process. (a) Original video frame.
(b) Foreground video frame.

B. Gaussian Mixture Model
The GMM is a parametric probability density function
represented as a weighted sum of Gaussian densities. It is
defined as follows
K

p( X ) = ∑ π k N ( X | μ k , Σ k )

(5)

k =1

Where X is n-dimensional matrix of input data, K is the
number of mixtures, πk is weight of k-th mixture. Each mixture
is defined by its mean μk, covariance Σk and its weights.
1) Training phase
To estimate the parameters πk, μk, and Σk of the GMM, we
use the Expectation–Maximization (EM) algorithm on sample
images containing fire regions. The initial values of these
parameters are set to 1/K, one random data value, and the
variance of the entire data observation respectively. Fig. 2 and
Fig. 3 give the resulting GMM in RGB and HSV color models
respectively with K=10.

Fig. 3. Estimated GMM in HSV color model with ten Gaussian distributions.

2) Detection of fire pixels
For a pixel of a foreground frame at position x,
i.e. IF(x), to be part of a fire region, the value of IF(x) should lay
within one standard deviation of the center of the Gaussian
cluster k, see (6).

Mask c ,k ( x) = ( I F ( x) c < ( μ k + σ c ,k )) &
& ( I F ( x) c > ( μ k − σ c ,k ))

(6)

Where c is a component of our color model and k is the
current GMM cluster. The standard deviation of the k-th
Gaussian cluster is given in (7)

σ k = rs ⋅ diag (Σ k )

(7)

The value rs is the detection sensitivity of the model set by
the user; it sets then the span of the cluster. The resulting fire
color mask for the k-th mixture is the logical AND of the color
component masks at the respective color components c1, c2, c3:

FireMask k = Mask c1 ,k & Mask c2 ,k & Mask c3 ,k (8)
Consequently, the resulting FireMask across all the GMM
clusters can be determined as the logic sum of all FireMaskk,
see (9).
K

FireMask = ∪ FireMask k

(9)

k =1

Fig. 4 gives an example of FireMask extraction using
Fig. 3 HSV GMM model.

Fig. 4. Example of created HSV fire-colored mask. (a) Foreground image.
(b) HSV fire-colored mask.

III.

TESTING MODELS

Fig. 5 gives snapshots of the fire videos used to train the
GMMs given in Fig. 2 and Fig. 3. This set of training data was
selected meticulously to evaluate the robust detection of fire
and the rate of false alarms. For instance, Fig. 5 (b), (i), (j)
include car and sunset lights which can be mistaken for fire
because of the color similarity.
Fig. 5 (c), (d) and (h) include motion close to fire regions
which can hence interfere with the detection. For models
projection (see Fig. 2, 3) the parameter rs is set to 2 for better
coverage of the training data. In comparison of RGB model
with HSV the value range of RGB model is wider. In the
testing phase we use parameter rs value 0.76 with RGB model
and 1.55 with HSV model in order to minimize the false alarms
rate; the value of rs is smaller with RGB model since the
resulting GMM clusters are much wider than with HSV’s color
model. In fact, by having large clusters span (see Fig. 2, 3), the
RGB based model was more sensitive to the value of rs.
Fig. 6 gives the result of our detection system with the
video of Fig. 5 (f). A detected fire region is marked with square
shapes to reflect the likelihood of a fire. These squares are
increasingly labeled from 1 to 3 and conjointly colored yellow,
orange and red respectively depending on the fire intensity.
Tab. 1 details the performance of the two color models in
our fire detection system with all the videos in Fig. 5. In this
table, the attributes: 1) “Total Num. Sqs.” gives the total
number of squares generated to flag fire regions, 2) “FWF”
gives the number of frames with a fire in a video, 3) “DTP” is
the number of detected video frames with a fire detection,
4) “DTN” gives the number of frames generating false alarms;
5) “Det.” gives the fire detection result for both models during
the entire testing of the video: it is “T” when our system detects
fire regions correctly without any false alarms, otherwise it is
“F”; 6) “Best model” names the best model in detecting the
fire; it is determined based on four criteria: 1) The number of
false alarms (DTN), 2) The number of successful detection
(DTP), 3) The coverage by intensity squares, 4) The total
number of the generated squares.

Fig. 5. Testing videos. (a) Barbeque. (b) Car lights. (c) Controlled fire. (d) Forest fire. (e) Garden controlled fire. (f) Ranch fire. (g) Controlled indor fire.
(h) Backyard fire. (i) Smoky forest with sun. (j) Backyard sunset.

TABLE I.
FIRE DETECTION RESULTS USING OUR GMM
MODELS OF FIG. 2 AND 3 ON THE VIDEOS IN FIG.5
GMM model:
Test
video

Total
Num.. Sqs.

Fig. 5 (a)

RGB: 7682
HSV: 7652

Fig. 5 (b)

RGB: 2783
HSV: 2135

Fig. 5 (c)

RGB: 1470
HSV: 2361

Fig. 5 (d)

RGB: 15987
HSV: 25217

Fig. 5 (e)

RGB: 2188
HSV: 3934

Fig. 5 (f)

RGB: 4001
HSV: 3960

Fig. 5 (g)

RGB: 712
HSV: 114

Fig. 5 (h)

RGB: 2603
HSV: 3695

Fig. 5 (i)

RGB: 1733
HSV: 789

Fig. 5 (j)

RGB: 19
HSV: 409

Det.

RGB
efficiency
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:

423
423
0
0
0
124
224
26
192
230
0
230
677
80
400
100
0
100
381
373
0
1170
98
1046
0
0
87
0
0
8

HSV
efficiency
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:
FWF:
DTP:
DTN:

423
423
0
0
0
124
224
30
181
230
0
230
677
167
468
100
100
0
381
143
0
1170
139
1028
0
0
87
0
0
129

Best
model

RGB
HSV

HSV
HSV
HSV
HSV
HSV
HSV
RGB
HSV
HSV
RGB

T
T
F
F
F
F
F

As shown in Tab. 1, HSV based GMM model was
successful in detecting fire-colored pixels without any false
alarms in three cases: Fig. 5 (a), (f) and (g). With all the testing
videos, HSV based system delivers a better detection quality
except for Fig. 5 (g) and Fig. 5 (j) where RGB based system
performed better. With the video of Fig. 5 (g), RGB’s produced
a higher number of detected frames with a fire, whereas with
the video in Fig. 5 (j), it produces fewer false alarms.
In testing with the video of Fig. 5 (j) the HSV model only
the warning squares with value 1 were observed but in
comparison to testing with the RGB model more than one half
of total false alarms had value 3. This proves the efficiency of
HSV based model to express of color intensity. The results in
Tab. 1 prove that the HSV model reduces the number of false
alarms.

F
F
F
F
T
T
T
F
F
F
F
F

IV.

The results of the testing vindicate our expectations that
HSV model is better than RGB’s for fire color detection.
Inspection of the two models in Fig. 2 and 3 reveals that the
clusters in HSV model have narrow spans compared in RGB’s
and hence they are more precise.
Our investigation shows also that neither of the two models
can avoid the generation of false alarms, for instance both
models flag a safe fire-colored object as a fire. To overcome
this problem, it is necessary to track the temporal dynamics of
the suspected fire pixels as explained in [4]. Our
recommendation to use HSV model instead of RGB can be
extended to other color based computer vision applications.

F

In Tab.1, the best model attributes values are highlighted in
bold.

CONCLUSION
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