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Abstract
A video smoke detector can detect smoke earlier than point smoke
detectors in a room with high ceiling, however it is difficult to distinguish
smoke from steam or gray-colored moving objects. In this paper we
propose a novel video smoke detection method which can distinguish
smoke from steam. It uses the relationship between mean and variance
values statistically obtained from smoke flow vectors. The smoke flow is
calculated by optical flow algorithm. We evaluated the method with six
videos of fire tests, and three with non-fire situations. The proposed
method could distinguish smoke from other moving objects.
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Introduction
Smoke detectors are used in fire alarm systems for early fire detection.
They are installed on the ceiling and detect smoke particles which have
entered into their chambers. In rooms with high ceililngs, it takes longer
for smoke to reach the detectors, which tends to delay the detection of
fire. Even in such a case, a video smoke detector can “see“ smoke
particles in the air, so early detection is possible.
Previous studies of video smoke detection have shown methods that
uses color detection and moving object detection [1]. A disadvantage of
these methods is the difficulty to distinguish smoke from smoke-likecolored moving objects such as steam from equipment or a person in
gray-colored clothes.
Smoke flow from an uncontrolled fire is turbulent and contains vortices,
resulting in variance in its speed and direction. On the other hand, points
on a moving object such as a person walking will move at almost the
same speed and direction, having little variance. In this paper, we
propose a method that can distinguish real smoke from other moving
objects by utilizing the nature.

Dataset
We used nine videos to develop and evaluate the proposed method.
They include six videos of test fire and three videos of non-fire situations.
The test fire was listed in ISO/TS 7240-29:2017: TF1 (wood fire), TF2
(smouldering wood), TF3 (smouldering cotton wick), TF4 (polyurethane
fire), TF5 (heptane fire) and TF8 (decaline fire). Non-fire situations
include a walking man, steam from an electric kettle and steam from an
electric humidifier. The frame rate was 10 frames per second. The
resolution was 1280 x 720 pixels.

Fig. 1. Conditions of test room
The videos of test fire were captured with a method similar to ISO in how
to generate smoke, but it differ in shape of the test room.

The shape of the test room is shown in figure 1. The room was illuminated
by mercury lamps; the illuminance on the floor was about 200 lx.
The videos of non-fire situations are also captured in the same room.
Figure 2. shows examples of the videos.

Fig. 2. Examples of the captured videos.
Our Method
The proposed smoke detection method is composed of three processes:
extracting smoke candidate regions, calculating optical flow in the
regions, and to identify smoke by the variance of flow. We implemented
the method in Python and OpenCV.
To extract the smoke candidate regions, a frame difference method is
applied. Firstly, the captured frame is converted to gray-scale image.
Secondly, an absolute differential image is calculated between the gray
scale images converted from last and second-to-last frames. The pixels
having value greater than a threshold value are extracted as smoke
candidate regions. The threshold values are set so that noise is not
identified as the smoke candidate regions.
To calculate optical flow, the Lucas-Kanade method is applied. Points to
track are placed as grid-points in the smoke candidate regions. Number
of flow vectors is as many as the points. Figure 3 is the picture of smoke
from decalin fire and steam from an electric kettle. Optical flow calculated
from the images is drawn on the picture.

Fig. 3a. Optical flow from smoke
of decalin fire

Fig. 3b. Optical flow of steam of
an electric kettle

Fig. 4. Distribution of optical flow vectors.
In Figure 4, the optical flow vectors are plotted. The vectors are
calculated from smoke flow of decalin fire and steam flow from an electric
kettle. Vectors of decalin smoke are distributed in a larger area, and ones
of the electric kettle steam in a smaller area. This means decalin smoke
has larger variance of flow vectors and electric kettle steam has smaller.

To identify smoke, our method uses two parameters: variance and
average norm (speed of smoke) of the vectors. The variance value of the
vectors are calculated as below [2].
variance
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Where,
and
are standard deviations of the flow vectors’ x and y
components respectively, and
is covariance of the flow vectors’ x and
y components. The variance value is the length of the minor axis of a
probability ellipse on the distribution of the vectors.
These values are calculated using vectors from a portion of the video
which length is 500 milliseconds (5 frames).
smoke

other moving objects

Fig. 5. Distribution of average norm and variance of vectors from smoke
and other moving objects.
In Figure 5, the variance and average norm of the vectors obtained from
the videos are plotted. If a data from a candidate smoke region is above
the dashed line in the figure, the method identifies the candidate region
as a real smoke region.
Smoke from the decalin and cotton wick is distributed in upper-left area.
In contrast, steam from an electric kettle is distributed under the line. The
reason why steam from an electric kettle has less variance seems to be
because steam vaporized before it forms vortices and the heat generated
by electric kettle was constant. Thus, smoke can be distinguished from
steam by this line.
Data of a walking man is distributed in the both areas. In the video of a
walking man, the swinging of arms, swaying of the body, and movement
during a change of direction increased the variance of the vectors. It does
however, have more data in the “other moving objects” area.

For this reason, false alarms can be prevented if the alarm is issued only
when the data is above the line for several consecutive times.
Therefore, the method issues an alarm when real smoke regions were
identified with ten consecutive times.
To evaluate the method, we used 30 second sections of each video, in
which smoke or other moving objects were captured; the number of the
alarms issued was then counted.
Results
The result of the evaluation is shown in Table 1. The method used 5
frames (0.5 seconds) to identify smoke, and 30 second length videos
were used, so it identified 60 times whether there was smoke or not. And
it took 10 times (5 seconds) to give an alarm. So it gave 51 alarms at
maximum.
The method resulted in 51 alarms, which is maximum value, in 5 fire-testvideos. And in smouldering-cotton-wick video, it issued 34 alarms, which
is fewer than other videos. No alarm by non-fire situation videos was
issued.
Table 1. Number of Alarms from each video.
Evaluated video

Number of alarms

TF1 (wood fire)

51

TF2 (smouldering wood)

51

TF3 (smouldering cotton wick)

34

TF4 (polyurethane fire)

51

TF5 (heptane fire)

51

TF8 (decaline fire)

51

a walking man

0

steam from an electric kettle

0

steam from an electric humidifier

0

Discussion
The proposed method could issue alarms in all of the fire-test-videos.
From all the videos except smouldering cotton wick, the maximum
number of alarms were issued. The sensitivity of the method is
considered to be high enough.
False alarm was not issued. The specificity is considered to be low
enough. Increase of variance of the vectors in a-walking-man video is

cancelled by requiring 10 consecutive times of smoke identifications, and
false alarms were prevented.
Conclusion
In this paper, we proposed a new method for video smoke detection
utilizing variance in smoke flow, and the method could distinguish smoke
from other moving object like steam and a walking man.
Other kinds of fire situations or moving objects could exist in the actual
installation site. Especially, many people could increase the variance of
vectors. We need to evaluate the method with more situations like those.
Also, the videos were captured in a simple background. In the actual
sites, background could have complex patterns. We need to develop a
method that can be applied to complex backgrounds.
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