





Systems Research Institute
Polish Academy of Sciences



Modern Approaches in Fuzzy Sets,
Intuitionistic Fuzzy Sets,
Generalized Nets and Related Topics.
Volume lI: Applications

Editors

Krassimir Atanassov
Witadystaw Homenda
Olgierd Hryniewicz
Janusz Kacprzyk
Maciej Krawczak
Zbigniew Nahorski
Eulalia Szmidt
Stawomir Zadrozny

IBS PAN SRI PAS



© Copyright by Systems Research Institute
Polish Academy of Sciences
Warsaw 2014

All rights reserved. No part of this publication may be reproduced, stored in
retrieval system or transmitted in any form, or by any means, electronic, mecha-
nical, photocopying, recording or otherwise, without permission in writing from
publisher.

Systems Research Institute
Polish Academy of Sciences
Newelska 6, 01-447 Warsaw, Poland

www.ibspan.waw.pl

ISBN 83-894-7554-5






Generalized net model of the integrated system
for early forest-fire detection

Sotir Sotirov, Evdokia Sotirova

Prof. Asen Zlatarov University
1 “Prof. Yakimov” Blvd., Burgas-8010, Bulgaria
e-mails: {ssotirov, esotirova}@btu.bg

Abstract

In this paper we present a generalized net model of multi-sensorial inte-
grated systems for early detection of forest fires. Many information and
data sources have been used, including infrared images, visual images,
sensors data, and geographic data bases. One of the main purpose is using
of the intelligent methods for decision when must alarm starts. Here we
use MultiLayer Perceptron for a color recognition and if there is a possibil-
ity of forest fire the other procedures for detection will be started.
Keywords: Modelling, Generalized nets, Early forest-fire detection Neural
network.

1 Introduction

Forest-fire detection is a real-time problem. In fact, early fire detection should be
carried out in few seconds or minutes at large [12]. The location of the fire with
enough resolution is also very important.

Very often the combination of minimal delay and resolution makes some de-
tection techniques such as satellite-based techniques not usable yet. Sometimes,
these satellite technologies seem to be very useful to activate early detection
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systems, to tune their parameters according to the current conditions, and to
validate alarms.

The intelligent systems are useful for detections of the conditions in natural en-
vironments. The detection problem is more complex than in other industrial fields,
that’s why sometimes the direct application of some detection technologies fails.
Here we will use neural network to detect real fire using the intuitionistic fuzzy
data, taken from the infrared images, visual images, radar images and others.
Infrared images are the basic information source of some of the existing detec-
tion systems. The few existing applications have a False Alarm Reduction sys-
tem to avoid the relatively high false alarm rate and that increases significantly
their reliability. This is the basic problem that we want to remove. Visual image
processing is also the basis of some of the existing detection techniques. These
techniques can be applied to detect smoke plumes in appropriate lighting condi-
tions and good contrast to segment the plume. Furthermore, it should be noted
that all the infrared detection systems provide visual images to the operator.

In this paper is constructed a GN model of the integrated system for early
forest-fire detection that use MLP. The mentioned above Intuitionistic Fuzzy
Multilayer Perceptron (IFMLP) is a part of this system.

2 GN Model

The below constructed GN-model is reduced one. It does not have temporal
components, the priorities of the transitions, places and tokens are equal, the
place and arc capacities are equal to infinity. It is shown on Fig. 1.

Initially, the tokens a, B, v, 8, &, £ and 7 stay in places Si4, S24, S34, Stp, Sus,
Seis and  Sps. They will be in their own places during the whole time during
which the GN functions. All tokens that enter transitions Zi, Z,, Zs, Za, Zs, Zs and
Z7 will unite with the corresponding original token (a, B, v, 9, €, £ and 1 respec-
tively). While a, B, v, 8, €, £ and 1 tokens may split into two or more tokens, the
original token will remain in its own place the whole time. The original tokens
have the following initial and current characteristics:

- token a in place Si4: x5, = “Current image devices”,

token B in place Sxs: x? = “Current local meteorological devices”,
- token y in place Si4: x], = “GPS system”,

- token & in place Sip: xfu = “Algorithms and systems for image pro-
cessing”,

- token € in place Sus: x., = “Local meteorological station”,
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- token & in place Sais: x°, = “Geo Information system”,

- token 7 in place Sis: x, = “Decision making system”.

TV S12 O
Sat 3543
Sa Sip 572
?A f )( )
| | Slnt
Zy Zs
Y to Y Ss1 873
O O O
Hum
—)O—)
Plu
ng S?s
Z3 Z6
Y GPS Y S61
O e Sis

anclianc e

Fig. 1. Generalized net model of the integrated systems
for early forest-fire detection

The generalized net is presented by a set of transitions:
A=1{Z, 75, 73, Z4, Zs, Zs, Z7},
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where transitions describe the following processes:
Z, — Work of the image devices;

Z> — Work of the local meteorological devices;
Z3 — Work of the GPS system;

Z4— Image processing;

Zs — Meteorological processing;

Zs— Work of the Geo Information system;

Z7;— Work of the decision making system.

Transitions of GN-model have the following form.
Z1= ({814, S11}, {IR, TV, Sat, S14}, R1, V(Si4, S71)),
IR IV Sa S,
Ri=s,, Wiur Wiy Wigsa Trues
Sy, | False False False True

where:

o Wi = “There is an information from an infrared camera”,

o Wi4rv=“There is an information from a TV camera”,

® Wissa = “There is an information from a satellite”.

The 11-token that enters place Si4 (from place S71) do not obtain new charact-
eristic. It unites with the a-token in place S14 with the above mentioned charac-
teristic.

The au-, az- and as-tokens that enter places IR, TV and Sat obtain characteristic
respectively: x2! = “Information from infrared camera” in place IR, x2? = “In-

formation from TV camera” in place TV, x> = “Information from satellite” in
place Sat.
Z>=({Su, Sm}, { t°, Hum, Plu, S24}, Ra, V(S24, S41)),
| Hum  Plu S, 4
R=800 | Wous Wouttm Wonpn Trues
Sy | False False  False True

where
o W4, = “There is an information from a thermometer”,
® Wiumm = “There is an information from a humidity sensor”,
® Wiupiu = “There is an information from a pluviometer”.

The ou-token that enters place S24 (from place Ss1) do not obtain new charac-
teristic. It unites with the B-token in place Sz24 with the above mentioned charac-
teristic.

The Bi1-, B2- and Ps-tokens that enter places ¢ Hum and Plu obtain charact-

eristic respectively: x?! = “Information from thermometer” in place °, x*2 =
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“Information from humidity sensor” in place Hum, x** = “Information from
pluviometer” in place Plu.

Z3= ({834, Sz}, { GPS, 834}, R3, V(S34, Sa2)),
|GPS 8,

R=Ssy | Wigges True

Sy, | False  True

where Wi4,crs = “There is an information from a satellite”.

The as-token that enters place S34 (from place Si2) do not obtain new charac-
teristic. It unites with the y-token in place S34 with the above mentioned charac-
teristic.

The y:-token that enters place GPS obtain characteristic: x!! = “Information
from satellite” in place GPS.
Zy=({ IR, TV, Sat, Sir}, { Sa1, Sa2, Sa3, Sip }, Ra, V(A(IR, TV, Saf), Sw»)),
| Sa Sx S43 Sp
IR | False False False True
R&=Ty | False False False True>
Sat | False False False True

Sp | Wem Wpa Wips True

where
e  Wipa = “There is a query for information from local meteorological devi-
ces”,

o Wipa = “There is a query for information from satellite”,
e  Wipas = “There is an information from image devices”.

The ai-, az- and az-tokens that enter place Sir (from places IR, TV and Saf)
do not obtain new characteristic.

The o4-, as- and as-tokens that enter places Ss1, Saz and Ss3 obtain character-

istic respectively: x3* = “Query for information from local meteorological
devices” in place Su, x> = “Query for information from satellite” in place Siz,

and x%¢ = “Information from image devices” in place Sys.
cu

Zs=({t°, Hum, Plu, Sus}, {851, Sms }, Rs, V(A(t°, Hum, Plu), Sus)},
| Ss1 Sys
t° False True
Rs= tum | False True>
Plu | False True

Sus | Wyssi True

where Wiss1 = “There is an information from a metrological devices™.
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The Bi-, B2- and Ps-tokens that enter place Sus do not obtain new characteristic.
The Ba-token that enters place Ss; obtain characteristic: x*4 = “Information from
local meteorological devices”.

Zs=({ GPS, GIS}, { Se1, GIS }, Rs, V(GPS, GIS)),
|Sq  GIS

Re=GPS | False True>
GIS |Wge True

where Waise1 = “There is an information from a satellite”.
The yi-token that enters place GIS (from place GPS) do not obtain new characte-

ristic. The y2-token that enters place Se obtain characteristic: x!? = “Information
from satellite”.

From place Sin To-token enters the net with characteristic x;? = “New decision
making system”.

Z7= ({843, Ss1, Se1, S1s}, {811, S72, 873, Sis }, R7, V(A(Sa3, S51, S61), S15)),
|81 Sp S» Sp
S, | False False False True
Rr=S.. | False False False True>
Se, | False False False True

Sis | Wist Wisza Wisss True

where

o Wi = “There is a query for setup of the image devices”,

e  Wis7 = “There is an information for external devices”,

e  Wis7 = “There is a signal for the alarm”.

The as-, P4~ and v,-tokens that enter place S (from places S43, Ss1 and Ss1) do
not obtain new characteristic.

The 11, 12- and 73-tokens that enter places S71, S72 and S73 obtain characteristic
respectively: x’1 = “Query for setup of the image devices” in place Su, x.2 =

“Information for external devices” in place Sq2, and x> = “Signal for the alarm”
in place Sus.

3 Recognition of the fire with MLP

A flame is a mixture of reacting gases and solids emitting visible, infrared, and
sometimes ultraviolet light, the frequency spectrum of which depends on the
chemical composition of the burning material and intermediate reaction pro-
ducts. In many cases, such as the burning of organic matter, for example wood,
or the incomplete combustion of gas, incandescent solid particles called soot
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produce the familiar red-orange glow of 'fire'. This light has a continuous spec-
trum.

Flame color depends on several factors, the most important typically being
black-body radiation and spectral band emission, with both spectral line emis-
sion and spectral line absorption playing smaller roles. In the most common type
of flame, hydrocarbon flames, the most important factor determining color is
oxygen supply and the extent of fuel-oxygen pre-mixing, which determines the
rate of combustion and thus the temperature and reaction paths, thereby produ-
cing different color hues.

A lot of systems encode pixel color values by devoting eight bits to each of
the R, G, and B components (we can take this information from framebuffer in
computer). RGB information can be either carried directly by the pixel bits
themselves, or provided by a separate color.

Here we use one of the first mathematically defined color spaces — CIE XYZ
color space (also known as CIE 1931 color space), created by the International
Commission on Illumination in 1931. These data were measured for human ob-
servers and a 2-degree field of view. In 1964, supplemental data for a 10-degree
field of view were published.

The transformation of the RGB and XYZ is shown below [12]:

X 0.412453 0.357580 0.180423| | R
Y [=]0.212671 0.715160 0.72169 [*| G |-
VA 0.019334 0.119193 0.950227| | B

The XYZ color space is shown on Fig. 2.

C.|.E. 1931 Chromaticity Diagram

7

1} 1 2 3 4 5 6 7 8

¥

Fig. 2. XYZ color space
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One example with picture transformation from RGB to XYZ color space and
recognition of the fire with Multi Layer Perceptron is shown below.

We use an original picture from Fig. 3 [12].

Fig. 3. Original picture

On Fig. 4 is shown the transformation from RGB to XYZ color space. In Fig. 5
is the ready for recognition from neural network picture.

Fig. 4. After XYZ color space transformation

Fig. 5. Ready for neural network recognition
The regions of fire obtained using the segmentation is utilized in training the

MLP neural network. The MLP neural network is trained with the XYZ color
space values of the pixels that belong to fire regions.
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