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Abstract

Forest fires are an important component of the savanna, tundra and boreal forest
ecosystems. The increasing rate of the occurrence of fires however has increased the
concern over their impacts on climate change and fragile ecosystems. This requires
efficient and effective methods in forest fire detection for near real-time monitoring
S0 as to minimize these impacts. Remote sensing has been widely used in active
forest fire detection; however there are some limitations in contextual algorithms
which are used in forest fire detection. These contextual algorithms are greatly
affected by clouds and different land cover types such as land and water with
inherenttemperatures included in the N x N matrix and thiads errors. As a step
towards minimizing these problems an automated multi-temporal threshold
algorithm was developed in this study using MSG satellite and ground fire data from
Portugal. The algorithm is based on temperature anomalies detected in IR3.9
channel and the difference between IR3.9 and IR10.8 channels as well as the solar
zenith angles for day, night and twilight conditions. Thresholds were set to
determine actual fires and possible fires depending on how far the temperature of a
particular point or pixel deviates from the normal background temperature which is
estimated using the images directly prior to the actual image. The accuracy of the
algorithm was compared with that of the MSG FIR-G product. The McNemar's test
was used for significance test of the difference between the multi-temporal threshold
algorithm and the MSG FIR-G product which uses a contextual algorithm. This
study shows that the multi-temporal threshold algorithm has higher fire detection
rate (50%) as compared to MSG FIR-G (3.7%) when ground data from Portugal was
used for validation. There is a significant difference between these methods
(McNemar's test §) = 5.45, df = 1, p-value = 0.0196). The superiority of the multi-
temporal threshold algorithm over the contextual algorithm and significant
difference between these methods was also confirmed in Southern Africa when
MODIS fire product was used for validation. The automated procedure takes less
than 15 minutes to produce the fire map, so it can cope with MSG satellite 15
minutes temporal resolution. Therefore the multi-temporal threshold algorithm
performs better than the contextual algorithms in forest fire detection however there
are some outstanding problems such as the transparent clouds that are not easily
detected which may increase the errors in fire detection. Although this method was
developed based on Portugal data it has been shown that it can be applied to other
areas in the view of MSG satellite. This method can be easily adapted to other
geostationary satellites and only the solar zenith angles have to be specific to the
particular satellite.
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1. Introduction

1.1. Background

Fire is an important factor in the ecology of savanna, tundra and boreal forests
ecosystems. Forest fires were once a natural phenomenon that played a very critical
role in shaping species distribution and contributed to the persistence of fire
dependent species, and helped the natural evolution of species. These days world
fires are mainly caused by human pressure on the environment (San-Miguel-Ayanz
et al., 2005). It was noted that about 5% of forest fires in Europe are of natural origin
(San-Miguel-Ayanz et al., 2005) and fire is a fundamental part of land management
in many parts of the world especially in the tropics (Kaufman et al., 1998).

The increase in the outbreak of fires has great negative impacts on the environment
and socio-economic systems of many nations. Groot, (2007) noted that forest fires
can have a wide range of negative impacts on human safety, health, regional
economies, global climate change and fire sensitive ecosystems. It is estimated that
around 2500 Mt of biomass are burnt every year over Africa, that is around half of
the biomass which burn per year in the whole world (Arino and Melinotte, 1998).
IPCC (1995) noted that the effect of biomass burning aerosols and aerosols from
industrial activities has increased the uncertainty in assessing the anthropogenic
climate change (Kaufman et al., 1998). This highlights the need to detect and control
the fires as near real time as possible so as to reduce their impacts on the
environment.

There are different methods used in detecting the forest fires. These include ground
stations, airborne and remote sensing systems. The ground stations use the human
surveillance and ground automatic detection systems that make use of cameras on
towers and buildings and the airborne is also based on human surveillance from
planes (San-Miguel-Ayanz et al., 2005). These two methods are limited by the costs
and area covered by the detection and monitoring system. The detection of fires by
satellites is significant from the operational and economical perspectives as this help
to monitor very large areas. The satellite systems provide data at lower costs and
they have higher data acquisition frequency which is critical for real-time fire
monitoring.




Forest fire monitoring by remote sensing can be achieved through the use of polar-
orbiting and geostationary satellites. The polar orbiting satellites that are used in fire
detection and monitoring include MODIS, AVHRR, ASTER and Landsat. The
application of these satellites is limited by their temporal resolutions. Their low
temporal resolution makes them unable to detect active fires as near real-time as
possible. This makes the geostationary satellites such as GOES and MSG more
suitable for near-real time fire detection and monitoring as they give continuous data
over the same position on earth in a short period of time. The International panel for
Global Observation of Forest and Land Cover Dynamics (GOFC-GOLD) is working
on many projects that are trying to link ground based and satellite data collection to
help develop a global near real-time fire monitoring and early warning system.
Groot et al., (2007) highlighted that the goal of GOFC-GOLD fire programme is
going to be achieved by setting up an operational global geostationary fire
monitoring network using current geostationary satellites such as GOES, MSG,
MTSAT and FY-2C and future platforms like Indian INSAT-3D, Russian GOMS
Electro L MSU-GS and Korean COMS. However this can only be fully achieved if
there are algorithms that are developed and incorporated into these systems to detect
the forest fires in a near real-time. This study proposes a multi-temporal approach
that can be used to detect forest fires using geostationary satellites.

1.2 Research problem

Fire causes irreversible damage to fragile natural ecosystems and greatly affects the
socio-economic systems of many nations especially in the tropics where forest fires
are more prevalent. Early detection of these fires may help reduce these impacts.
Currently, there are efforts to develop satellite systems that can detect active fires for
early warning systems (Groot et al., 2007). These efforts include the use of polar-
orbiting satellites such as MODIS, AVHRR, ASTER and Landsat as well as
geostationary satellites such as MSG and GOES. The application of polar-orbiting
satellites on near-real time active fire detection is limited by their low temporal
resolutions that lead to inevitable lag in the dissemination of data. This has limited
the use of these systems for operational near real-time forest fire detection (San-
Miguel-Ayanz et al., 2005). The polar orbiting satellites may not detect small fires
and those of short duration. This gives the need and motivation to develop the
additional and/or alternative algorithms that are applicable to near-real time active
fire detection using the geostationary satellites such as MSG and GOES.




The geostationary satellites are positioned at a fixed height (about 36 000km) above
the earth and they are capable of giving continuous data on the state of environment
on the same position. This is important for near-real time active fire detection and
monitoring. MSG SEVERI is one of the geostationary satellites that are used to
detect and monitor active fires as it images the earth every 15 minutes. A few
algorithms (contextual and threshold) were developed for near real time active fire
detection using MSG SEVERI satellite. Calle et al.,, (2004) developed the
contextual algorithm (for MSG) using 3.9um and 10.8um using the N x N spatial
matrix of pixels to calculate the mean and standard deviation which were used in the
thresholds to detect fire. Hassini et al., (20@®yveloped the threshold algorithm
using 3.9um and 10.8um as well. MSG satellite currently uses this method for active
fire detection and monitoring (EUMETSAT and CGMS, 1999)

These operational contextual and threshold methods for active fire detection utilize
information from one image and have been reported as giving a humber of false
alarms (Kaufman et al., 1998, San-Miguel-Ayanz et al., 2005). The use of one image
may be greatly affected by cloud cover and different land covers with different
temperatures which may give false fire alarms. These algorithms tends to miss some
of the fires due to the low fire intensity especially during the night (San-Miguel-
Ayanz et al., 2005). However given these limitations of contextual and threshold
algorithms, little progress has been reported about using temporal dimension of
satellite data (Koltunov and Ustin, 2007). There is need for multi-temporal threshold
algorithms that can be used by geostationary satellites such as MSG and GOES to
detect the active fires. The multi-temporal approach may have a great potential for
near real time active fire detection as it considers the temperature of a point over a
period of time. The automated multi-temporal active fire detection algorithms may
help to establish an effective and efficient early warning system to monitor and
assesghe negative social, economic and environmentateffef forest fires.

1.3. Research Objectives

1.3.1. General objective

The main objective of this study is to develop an automated system for near real-
time fire detection and monitoring using geostationary satellites.

1.3.2. Specific objectives and research questions

The table below shows the specific objectives and research questions of this study.




Table 1.1 Specific objectives and research questions

Specific objectives

Research questions

1. To develop an algorithm
to detect the temperature

anomalies for firg
detection using 3.9 and
10.8um MSG SEVER

satellite channels using |a

multi-temporal threshola
method.

What capabilities does MSG SEVIR
have to detect temperature anoma
using multi-temporal method?

R
ies

Is the difference between 3.9um and

10.8 pm channels important for fi
detection in multi-temporal algorithm?

How can these temperature anomal
be used to detect fires?

To validate the algorithm
using actual fire dat
from Portugal and Sout
Africa and compare th
accuracy with MPEHR
(FIR-G) fire product
from MSG satellite.

W&

How does the accuracy of the algorith
developed in this study and the MPE
fire product differ when actual fire da
and MODIS fire product are used fi
validation?

Is there a need for the algorithm to
improved to detect small and shg
duration fires by changing th
thresholds and correction of G(
absorption on IR3.9 channel?

e
ies

m
=F
a
or

be
Drt
e
D

To develop a near real
time automateg
procedure to determing
the  optimum  multi-
temporal threshold fof
the algorithm for fire
detection using MSG
SEVIRI geostationary
satellite.

How can the procedure for the mul
temporal threshold algorithm b
automated to cope with the tempo
resolution of MSG (15 minutes)?

fi-
e
ral




1.4. Hypotheses

This study set out to test the hypotheses outlined below.

1. H,: Multi-temporal threshold and contextual-threshold algorithms have equal
performance on forest fire detection.

H,: Multi-temporal threshold and contextual-threshold algorithms do not have
equal performance on forest fire detection.

2. H,: Multi-temporal threshold algorithm with GOcorrection has equal
performance with the multi-temporal threshold without,€Brrection.

Hi: Multi-temporal threshold algorithm with GQ@orrection does not have equal
performance with the multi-temporal threshold algorithm without G8drection




2. Literature Review

This chapter discusses some of the critical issues in forest fire detection using
remote sensing. These include why geostationary satellites may be considered most
suitable for forest fire detection and monitoring, overview of the spectral channels
used in forest fire detection and a detailed analysis of the algorithms that are widely
used in global forest fire detection projects and validation of satellite fire products.

2.1. Why geostationary satellites?

Geostationary satellites are always on the fixed position above the earth
(approximately 36000km) and they provide continuous data for the same place. This
gives them an advantage over the polar orbiting satellites in their application in near-
real time active forest fire detection and monitoring. Sensors on polar orbiting
satellites have been widely used in active forest fire detection. These include
AVHRR and MODIS and their general characteristics are shown in the table below.

Table 2.1 Polar orbiting satellites widely used in forest fire detection

Sensor Satellite Spatial Temporal | Swath | Channels and
Resolution | Resolution | Width | bands for fire
detection
AVHRR | NOAA 1.1 km 2 times in 2400 3a(1.6um(Night))
24 hrs km 3b(3.9um(Day))
4 (11um)
MODIS | Aqua/Terra| 1 km at 4 times in| 2330 |21 and 22
nadir 24 hrs km (3.9um)
(2-day and 31 (10.8um)
2-night)

The temporal resolutions for polar orbiting satellites greatly discredit them from
providing near real-time fire detection and monitoring system as compared to the
geostationary satellites. Their spatial resolution is higher than that of the
geostationary satellites which is critical for forest fire detection; however forest fires
are a rapidly changing phenomenon which requires the application of satellites with
high temporal resolution as well. The launch of the MSG SEVERI in 2002, the
activation of GOES -9 in 2003 and the MTSAT-1R (Japanese Advanced

6



Meteorological Imager (JAMI) in 2005 has increased the possibilities of generating
global fire products of high temporal resolution using geostationary satellites (Prins
et al., 2004, Calle et al., 2008). Figure 2.1 below shows global coverage achieved by
some of the geostationary satellites which are used in forest fire detection.

80 . 120 160

I 1 [
MTSAT (140 E

Figure 2.1 Components of a global geostationary fire monitoring system
(Prins et al., 2007)

The GOFC-GOLD international panel is working towards the development and
implementation of a global geostationary fire monitoring system using the
geostationary satellites as highlighted in the diagram above (Prins et al., 2004, Groot
et al., 2007). Fire detection is a necessity which will only be solved if the
geostationary satellites prove their capacity in detecting small fires and show their
applicability in providing the early warnings of the occurrence of fires (Calle et al.,
2004). This could be difficult to achieve as it is difficult to develop high spatial
resolution thermal sensors (Calle et al., 2004), however, methods (algorithms) can
be improved or developed so as to improve the performance of geostationary sensors
in active forest fire detection.

2.2. Overview of Global Geostationary Satellites

The global geostationary satellites have different characteristics (Table 2.2) that are
desirable for active forest fire detection. These sensors have different capabilities in
detecting and monitoring forest fires hence the need to standardize them to create
consistent fire products around the globe (Prins et al., 2004). This can be achieved
by developing the methods or algorithms that are applicable to all sensors as well as
different climatic regions and illumination conditions.




Table 2.2 Overview of Global Geostationary Fire Monitoring Capabilities (Prins et

al. 2004)
Satellite Position | Active IFOV SR Full Disk 3.9 um Minimum
& Sensor Fire (km) (km) | Coverage | Saturation | Fire Size
Spectral Temperat- | at
Bands ure (K) Equator
(at 750 K)
(ha)
MSG 8 9.5E 1HRV | 1.6 1.0 15 ~335 K 0.22
(SEVIRI) 2 visible | 4.8 3.0 minutes
16,39 | 48 3.0
and
10.8 um
MSG 9 0°E 1HRV | 1.6 1.0 15 ~335 K 0.22
(SEVIRI) 2 visible | 4.8 3.0 minutes
16,39 | 48 3.0
and
10.8 um
GOES-11 | 135W 1 visible | 1.0 0.57 | 3 hours ~322 K 0.15
(Imager) 3.9and | 4.0(8.0) | 2.3
10.7 um
GOES- 75°E 1 visible | 1.0 0.57 | 3 hours ~335K 0.15
12 3.9and | 4.0(8.0) | 2.3
(Imager) 10.7 um
MTSAT- | 140°E 1 visible | 0.5 <24 ~320 K 0.03
1R 3.7and | 2.0 minutes
(JAMI) 10.8 um

In addition to the satellites in the table above, there are other two geostationary
satellites; MET 7 (MVIRI) and FY 2C (S-VISSR) positioned at 8E%nd 108E

which are also applied in forest fire detection. With temperature of K5@s
mentioned by Prins et al., (2004) in the table above the whole pixel may be detected
as fire even if only a small fraction of pixel is covered by fire. However, it should be
noted that the sizes of fires mentioned above may be difficult to detect considering
the spatial resolution of the geostationary satellites.

2.3. Detailed characteristics of MSG satellite

Meteosat Second Generation (MSG) is a spin-stabilized satellite with a repeat cycle
of 15 minutes which gives unprecedented multispectral observations of rapidly
changing environment (Schmetz et al., 2002). It has a geostationary orbit at an
altitude of 35 600km above the earth’s surface. MSG-8 has a rapid scan service




(RSS) which gives images in every five minutes which shows the advances in
technology toward near-real time monitoring of rapidly changing environmental
phenomenon such as forest fires. The rapid scan service (RSS) is only over the
Northern part of the disk covering only one third of the full disk. The most important
instrument on MSG is the Spinning Enhanced Visible and Infrared Imager
(SEVERI) with 12 channels as shown in the table 2.3 below. SEVIRI instrument
has spatial resolution of 3km and instantaneous field of view (IFOV) of 4.8km at
nadir for channels 1-11 and these give full disk images. Channel 12 (High
Resolution Visible (HRV)) has spatial resolution of 1km and IFOV of 1.67 and it
covers half of the full disk in East to West direction (Schmetz et al., 2002). The

images for channels 1-11 have 3712 x 3712 pixels and for channel 12 they have 11
136 x 11 136 pixels.

Table 2.3 Spectral characteristics of MSG satellite (Schmetz et al. 2002)

Channel no. Characteristics of Main gaseous

spectral banan) absorber or window
rcen amin Amax

1 VISO0.6 0.635 0.56 0.71 Window

2 VIS0.8 0.81 0.74 0.88 Window

3 NIR1.6 1.64 1.50 1.78 Window

4 IR3.9 3.90 3.48 4.36 Window

5 WV6.2 6.25 5.35 7.15 Water vapor

6 WV7.3 7.35 6.85 7.85 Water vapor

7 IR8.7 8.70 8.30 9.10 Window

8 IR9.7 9.66 9.38 9.94 Ozone

9 IR10.8 10.80 9.80 11.80 Window

10 IR12.0 12.00 11.00 13.00 Window

11 IR13.4 13.40 12.40 14.40 Carbon dioxide

12 HRV Broadband (about 0.4 — 1.1) Window/water vapor

2.4. An overview of the spectral channels for active
forest fire detection

Fires have strong signal in the mid-infrared part of the electromagnetic spectrum
which makes it the most suitable part of the spectrum for active fire detéstion
Miguel-Ayanz et al., 2005). There are two main channels (3.9 and 10.8) that are
widely used for active forest fire detectidrhe peak of the emission of radiance for
blackbody surfaces is around 4um (Wien’s Displacement Law) (Figure 2.2) and this
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corresponds with MSG channel IR3.9um and the ambient temperature of 290K, the
peak of radiance is approximately at 1lpm (Figure 2.3) (MSG channel
IR10.8)(EUMETSAT, 2007). Therefore IR3.9 channel is more sensitive to changes
in temperatures than other channels and picks up hotspots caused by fires; hence it is
mostly used in forest fire detection.

If T increases, peak moves
towards shorter wavelengths,
and the total area under the
curve increases

Spectral radiant emittance (Wiem2)/um

Figure 2.2 Black body Blackbody radiation curves based on
Stefan-Boltzmann’s law (Janssen and Huumeman, 2001)

In support of this (San-Miguel-Ayanz et al., 2005) noted that the mid-infrared
spectral window is suitable for fire detection because it is far from the peak of the
Earth and solar radiations at 9.7 and 0.5um respectively. However the IR3.9 channel
records the reflected energy from the sun and Earth’s radiant energy during the day
(Figure 2.3) and during the night it records the emitted energy from the earth only.
This means that this channel has different responses during the day and night and
during the day the channel can be saturated as temperatures go up. Saturation
brightness temperature is regarded as the maximum temperature that can be derived
from the sensor. This has been regarded by Prins et al., (2004). and (San-Miguel-
Ayanz et al., 2005) as one of the limiting factors in the application of the 3.9 channel
in forest fire detection and characterization (estimates of fire size and temperature).
This greatly affects the temperature anomaly detection as all the signals that exceed
the saturation limit may be given the saturation temperature (Li et al., 2000). The
saturation point for MSG SEVERI (335K) is higher than most of the satellites and
this may not pose a big problem in forest fire detection.
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Figure 2.3 The effect of solar radiation on 3.9um channel
(EUMETSAT and CGMS, 199
Given this situation it shows that during the day the satellite measured temperature
will not be true representative of the insitu temperatures (Figure 2.4) therefore the

applications and algorithms should be different for day and night (Kerkmann, 2004).
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Figure 2.4 The effecof the solar radiation on 3.9 char
(Kerkmann 2004)

The 10.8 channel is not very sensitive to changes in temperature as compared to 3.9
channel hence the difference between the 3.9 and 10.8 is higher for fire pixels than
for non-fire pixels (Hassini et al., 2009, Giglio et al., 2003). The IR3.9 channel has a
stronger thermal response as compared to IR10.8 channel even if fire covers a small
portion of the pixel (Philip, 2007) (Figure 2.5). Small, but very hot, sub-pixel
regions can dominate the average pixel brightness temperature in IR3.9 channel
(EUMETSAT and CGMS, 1999). This is important as it supports why IR3.9 and
IR10.8 channels are used in forest fire detection.
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From figure 2.5 above it can be noted that the temperature in IR3.9 channel is
always higher than in IR10.8 channel when there is fire. When the fire occupies 4%
of the pixel the temperature in band IR3.9 gets up t8 B5é8nd the temperature in
IR10.8 channel is approximately3& lower than IR3.9 temperature.

The use of the TOA temperatures for forest fire detection may be affected by
absorption in the atmosphere. Absorption of radiation generally occurs when the
atmosphere prevents the transmission of radiation or energy to pass through the
atmosphere (Campbell, 2006). The main absorbers include ozaje cétbon
dioxide (CQ) and water vapour () (Figure 2.6). There are two most important
atmospheric windows: (i) 3.5 — 4.1um and (ii) 10.5 — 12.5um (Campbell, 2006). The
first window corresponds with the MSG 3.9 channel and the second window
corresponds with 10.8 MSG channel. The 10.5 — 12.5um window is important for it
approximately corresponds with the peak emission from the earth’'s surface.
Although the 3.9 channel is regarded as atmospheric window channel it is close to
the CQ absorption band at 4-5 microns (Kerkmann, 2004) so it is also affected by
the CQ absorption (Figure 2.6). This may need to be corrected to improve the
performance of the algorithms in forest fire detection.

% transmission

T T h T T T T T T T T T T
0 2 f4 6 8 10(1 12 14 16 18 20 2
10.¢

Wavelength, microns

Figure 2.6Atmospheric transmission (Adapted from (Janssen and
Huurneman, 2001)
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As shown in table 2.3, Channel 4 (IR3.9) stretches from 3.48 to 4.36 and channel 10
also extends from 9.8 to 11.8 um and the effects of &3orption is shown in
figure 2.6.

2.5. Effects of clouds on forest fire detection

Clouds greatly affect the TOA temperatures as they may lower the temperatures as
measured by the satellites. Usually clouds have cold tops and hence low brightness
temperatures and therefore fires under these clouds are missed as they can not be
detected using temperatures at the top of atmosphere. There are some clouds such as
cirrus which are thin and transparent and difficult to detect (Li et al., 2000, Giglio et
al., 1999). This has been noted as a problem mainly in contextual algorithms as these
clouds may not be detected and they finally affect the results as low temperature
values induced by presence of clouds are used in the analysis. The contextual
algorithms normally consider the use of 3x3 matrix in estimating the background
temperature (section 2.6 below) therefore if there are some undetected clouds in this
matrix it is most likely that the final result is biased. However this could also be a
problem in multi-temporal algorithms and the accuracy of the results of any fire
detection algorithm may be based on the accuracy of the cloud masking method
applied.

2.6. Review of Operational fire detection algorithms

Currently most of the algorithms that are applied in forest fire detection are fixed
threshold or contextual tests or both (Koltunov and Ustin, 2007). Most of these
algorithms have been developed for the sensors such as MODIS and AVHRR on
board of TERRA/AQUA and NOAA/METOP polar orbiting satellites respectively
The contextual algorithms were developed and are operational for AVHRR and
MODIS (Kaufman et al., 1998, Giglio et al., 2003, Flasse and Ceccato, 1996, Justice
et al., 2002). Threshold algorithms have been operational on AVHRR (Arino and
Melinotte, 1998, Li et al., 2000).

2.6.1. Operational fire detection algorithms using geostationary
satellites

A few algorithms have been developed so far for the active forest fire detection
using geostationary satellites such as GOES, MTSAT-1R and MSG. Although these
algorithms may be different from sensor to sensor depending on specifications it can
be noted that the basic principles are similar to those that are in use for other
instruments such as GOES, AVHRR and MODIS (Hassini et al., 2009). The
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algorithms that have been developed for active fire detection using geostationary
satellites are discussed below.

2.6.2. Contextual algorithms

Contextual algorithms consider the background intensity as they attempt to predict
the temperature of a pixel by calculating the average intensity by considering the
neighbouring pixels (Koltunov and Ustin, 2007). Tests are used to decide whether
it's a hot anomaly or not. A hot spot is considered a fire only if its temperature is
above the temperature of its surrounding pixels (San-Miguel-Ayanz et al., 2005).
Calle et al., (2004) developed the contextual algorithm for MSG using 3.9um and
10.8um using the N x N spatial matrix of pixels to calculate the mean and standard
deviation which were used in the thresholds to detect fire. For a pixel to be classified
as fire, it should meet the requirements of the threshold below.
T3.9pm> u3.9um+f.0' 3.9um

T3.9um= T10.8um™ Hait + f. O dit
Where, T is temperature for a pixel at 3.9pgnjs standard deviation, p is the mean
of the selected N x N pixel arids a critical value that determines the thresholds.

2.6.2.1. Threshold algorithms

These are basically fixed-threshold thermal tests (Koltunov and Ustin, 2007). In this
case a pixel is considered as fire if its brightness temperature in one or more spectral
bands exceeds a pre-specified fixed threshold. The algorithms are pixel based and
they do not consider temperature in the neighbouring pixels to estimate the
background temperature. Only a few if any fixed threshold algorithms were
developed and are operational for the geostationary satellites. The most popular
fixed thresholds were developed by Arino and Melinotte, (1998) and Li et al., (2000)
for NOAA-AVHRRR (polar-orbiting satellite). Most of the algorithms developed for
geostationary satellites are thresholding contextual algorithms discussed in section
2.6.2.2 below.

2.6.2.2. Thresholding Contextual algorithms

These algorithms include both contextual and fixed algorithms. The most popular
algorithm of this kind is the GOES ABBA. This is a contextual multi-spectral
thresholding algorithm that utilizes local dynamic threshold using GOES satellite
imagery (San-Miguel-Ayanz et al., 2005) and it was made operational in 2002 (Prins
et al., 2004). The algorithm requires that the brightness temperature detected at
IR3.9 channel should be at least 4K greater than the average background brightness
temperature. This threshold, however, can be reduced to 2K homogeneous regions
allowing for the detection of smaller fires (Prins et al., 2004).
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Hassini et al., (2009) developed a threshold algorithm (Active Fire Monitoring
Algorithm) for MSG using the top of atmosphere temperatures in IR3.9 and IR10.8
channels. The thresholds are as shown in table 2.4 and figure 2.7 below.

Table 2.4Thresholds for fire tests (Hassini et al., 2009)

Threshold Active fires
Test Day Night Day °’K | Night %K
T4 Threshold 1 Threshold 5 315 290
SDev Ch4 | Threshold 2 Threshold 6 4 4
SDev Ch9 | Threshold 3 Threshold 7 2 2
T4-T9 Threshold 4 Threshold 8 10 5

Pixel to be classified as day fi Pixel to be classifie as nigh

T4>threshold T4>threshold

\ 4 A
SDev4>threshol SDev4>threshol

y
T4-T9>thresholc

T4-T9>thresholc

A\ 4 A

SDev9>threshol SDev9>threshol
Day fire pixel Night fire pixel

Figure 2.7 Active Fire Monitoring AlgorithrtAFMA) (Hassini et al.,

The MSG satellite currently uses this method for active fire detection and
monitoring (EUMETSAT, 2007) to produce the fire product (MPEF FIR-G). The
difference is only on the threshold levels as shown in table 2.5 below:

Table 2.5 Thresholds for the four fire tests (EUMETSAT, 2007)

Potential fire Fire
Test Day Night Day Night
IR3.9 310K 290K 310K| 290K
StdDev 3.9 25K 25K 4 K 4K
StdDev 10.8 2K 2K 2K 2K
IR3.9-IR10.8 8 K 0K 10K 5K
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In these thresholds the standard deviation for IR3.9 and IR10.8 is calculated using a
3x3 pixel around the hot spot. The day and night are defined with the local solar
zenith angle. The solar zenith angle lower thahig@onsidered as day and for night

the solar zenith angle is higher tharf @dd for the solar zenith angles between 70
and 90 the thresholds are linearly interpolated (EUMETSAT, 2007, Hassini et al.,
2009) for example from 310 to 29K for day to night respectively.

2.6.3. Limitations of the contextual and thresholding-contextual
algorithms

Although there were some improvements on Kaufman et al., (1998) MODIS fire
detection algorithm by Justice et al., (2002) some false fire detections were
persistently observed in some deserts and sparsely vegetated land surfaces and in
some cases small fires were not detected at all and most of these were mainly caused
by the algorithms thresholds tests (Giglio et al., 2003). Giglio et al., (2003) noted
that even the version 4 of MODIS fire detection algorithm has a few blatant false
alarms and its performance is yet to be assessed in different conditions. Hawbaker et
al., (2008) evaluated the accuracy of the MODIS active fire products in the United
States and they obtained 82% fire detection rate when they used both Aqua and
Terra combined. The detection rate was higher when the products from both MODIS
sensors were combined but when considered individually Aqua had 73% and Terra
obtained 66% (Hawbaker et al., 2008). The difference is mainly attributed to
different overpasses of the two sensors. These results show that more can be done to
improve the methods to increase the fire detection rates for near-real time
monitoring.

Hassini et al., (2009) and EUMETSAT (2007) highlighted some of the problems that
are clearly outstanding on their thresholding contextual algorithm (Active Fire
Monitoring Algorithm) for MSG. These problems include: Undetected clouds, sub-
pixel clouds, fire under thin Cirrus, mixed land and water scenes, inhomogeneous
land surfaces, unknown land surface emissivity in IR3.9 channel and dusk and dawn
with rapidly changing 3.9 channel values. This is mainly because pixel intensities of
different objects are different and these may bring in errors when using the 3x3
kernel in contextual algorithms.

Algorithms that use fixed environmental temperature threshold can be effective
when calibrated to the standard local conditions (San-Miguel-Ayanz et al., 2005) so
cannot be applicable to global scale (Giglio et al., 1999). These methods can also
miss some small fires of low intensity and can produce false fire alarms in
overheated areas especially during summer. Ravail and San-Miguel-Ayanzi, (2002)
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in San-Miguel-Ayanzi, (2005) evaluated the performance of Falasse and Ceccato’s,
(1996) contextual algorithm in Spain in 1997 and 1998 on AVHRR and concluded
that about 90% of the detected fires were false fires due to the overheating and by
systematic error on land and water interfaces.

Calle et al., (2004) appreciate that in general the contextual procedure is reliable and
a large number of errors is mainly attributed to the final statistical parameters.
Although this may not be a general consensus amongst the researchers, to some
extent its very difficult to set statistical parameters such as mean and standard
deviation to the exact levels that they detect the fires totally free of false fire alarms
and also without missing very small fires. In contextual algorithms water and clouds
greatly affect the detection of the algorithms as water and cloud pixels are masked
out and hence they are not included in the calculation of the mean and standard
deviation of the temperatures that is used in the algorithms. The calculation of mean
and standard deviation is abandoned if there are less than 3 pixels available for the
calculation (Hassini et al.,, 2009) which means that some fires are missed in such
circumstances.

2.6.4. Multi-temporal approach

With the limitations of the operational threshold and contextual algorithms
mentioned above, Koltunov and Ustin, (2007) advocate for the development of
additional and/or alternative methods that may have better performance as compared
to the current ones. Koltunov and Ustin, (2007) noted the multitemporal approach
may have a great potential in reducing the problems highlighted above because they
will use a number of images unlike the operational algorithms that only use one
image and yet little or no progress if any have been reported about using multi-
temporal remote sensing data for fire detection. They also acknowledged that the
method they proposed (non linear Dynamic Detection Model (DDM)) did not
perform very well in forest fire detection. This shows that more attention or attempts
should be given to multi-temporal algorithms for fire detection so as to yield better
results.

Mazzeo et al., (2007) developed a multi-temporal robust satellite technique (RST)
for forest fire detection. They developed an index (ALICE (Absolute Local Index of
Change of the Environment).

Our (X y,1) = [T (X ¥% 8 = My (X Y)]

JMIR (X’ y)
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Where &,y,t) is the brightness temperature of the signal measured in the MIR
channel at (x,y) location and time t; angd,, (X Y)is the temporal mean and

Ouir (X Y)is the standard deviation.

This method considers the physical properties of the target and observational and
environmental factors such as land cover, hour of pass, and viewing angle as
conditions which determine the thermal signal measured by the satellite. This means
that any changing event is regarded as anomalous if it produces a significant
deviation from the natural normal behaviour of the signal measured under normal
undisturbed conditions (Mazzeo et al., 2007). The authors pointed out that the
method performed very well as it did not miss any fires during the validation phase,
however they did not highlight which MIR bands or channels they used and they did
not give the exact thresholds (to define fire (small or big) for the index as they used
different values. This means that more research is required to develop more temporal
algorithms for forest fire detection. This method however proved that temporal
algorithms can perform better than contextual and threshold algorithms as it can be
applied in any observational conditions: day or night and summer or winter.

Van den Bergh and Frost, (2005) proposed a multi-temporal approach for fire
detection using MSG satellite data. This approach uses the Diurnal Cycle Model
(DCM) and the kalman filter is used to filter the observed data and estimate the
distribution of the difference between observed and predicted values and flag out
statistically significant differences as possible fires. The DCM or Diurnal (Daily)
Temperature Model (DTM) is a method that provides temperature variation for full
day for given pixel and in this case the diurnal cycle is modelled using temperatures
in IR3.9 channel (Udahemuka et al., 2008). On the validation of this method it
missed 5 MODIS fire pixels and there is need for validation on a large data set (van
den Bergh and Frost, 2005). The author claim that the algorithm performed better
than the contextual and threshold algorithms on MSG although it cannot perform at
the same level with the MODIS fire product at the present moment. However,
(Udahemuka et al., 2008) highlighted the limitations of using the DCM in fire
detection as some of the anomalies maybe due to partial or full cloud cover over a
pixel, solar reflection, precipitation and land cover and wind fluctuations. This
clearly shows that there is need for more research into other methods for active
forest fire detection especially those that take advantage of the temporal domain of
geostationary satellites such as MSG, GOES and MTSAT-1R.
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2.6.5. Validation of fire products

Validation refers to the process of assessing satellite product quality or accuracy
with independent reference data (Roy et al., 2005). Accuracy refers to the
correctness of remotely sensed data as it measures the agreement between a standard
assumed to be correct and classified image of unknown quality (Foody, 2001,
Campbell, 2006). Although accuracy is a difficult property to measure and express
(Shan-long et al., 2006), it is one of the strongest basis of scientific research as
(Strahler et al., 2006) noted that maps or satellite products without associated
accuracy data remain untested hypothesis.

Validation of active forest fire products is considered a difficult task which lacks
well established procedures. There are different methods that have been applied in
the validation of forest fire products. These include: (i) use of other remote sensed
data for example ASTER on MODIS fire product (Csiszar et al., 2006). MODIS and
AWIFS on MSG SEVERI (Calle et al.,, 2008), (ii) use of smoke plumes for
assessment for example on AVHRR (Christopher et al., 1998) and smoke plumes
SPOT for MODIS (Liew et al., 2003) (iii) fire locations compared with fire
perimeters (Li et al., 2000). Ground based data is always the best for the validation
of the remotely sensed data. Csiszar et(aD06) noted that “yes” or “no” in situ
observations of fire may be difficult to achieve over a very large area and this could
not be useful in validation of active fires and hence the remotely sensed fire products
such as MODIS can be used.

Morisette et al., (2005) noted that a standard way of assessing the accuracy of
remotely sensed data is through the use of an error matrix. The error matrix helps to
calculate the overall accuracy and classification accuracy of each class (commission
errors (user’'s accuracy) and omission errors (producer’'s accuracy). Powell et al.,
(2004) clearly pointed out that it is very important to include a statistically rigorous
accuracy assessment with detailed methods so that it could be possible for
comparison between the classification techniques or algorithms. There are three
methods that are used for the comparison of classifier or algorithm performance:
Kappa z-test by Cohen, (1960), Fleiss et al., (1969), MacNemar’s test by McNemar
(1947) and Randomization test. De Leeuw et al., (2006) recommended the use of
MacNemar's test when comparing the performance of different methods of
classifying maps because it is parametric and extremely simple to understand and
execute as compared to other methods mentioned above.
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3. Materials and Methods

This chapter gives a brief description of the study area and a detailed outline of the
methodology applied in this study.

3.1. Study area

This study is based on two study areas: Portugal and Southern Africa. This was a
strategic way of developing and validating the multi-temporal algorithm in different
places in terms of scale and environmental or climate conditions.

3.1.1. Portugal

Portugal (Figure 3.1) is mainly characterized by Mediterranean climate which have
hot dry summers and cool wet winters. The mean annual temperature is &out 18
in the south to %C at high altitude to the north and the annual precipitation ranges
from about 400 mm to 2 800mm (1A 2003 in Catry et al., (2007 (b)). Fire season in
Portugal is normally during the summer months (June to September) and these fires
are induced by high temperatures as well as low rainfall which lead to dry conditions
which are favourable for occurrence of fires. The Mediterranean climate in Portugal
is mainly characterized by highly combustible tree species such as eucalyptus and
pine (Gomes, 2006).

The forest fires in Portugal have increased in the last two decades as compared to
other southern Mediterranean countries such as Greece, Italy, Spain and France (EC
2005 and DGRF 2006 in Caltry et al., (2007 (a)). It is estimated that about 2.5
million hectares were burned between 1990 and 2005 which is representing 25% of
the country area (DGRF 2006 in Caltry et al., (2007 (a)). The problem of forest fires
in Portugal is mainly increased by the practicing of the ancient traditional farming
methods such as the use of fires to prepare land for new crops, to eliminate waste
and to promote growing of grass for cattle feed stock (Gomes, 2006).
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Figure 3.1 Study area (Portugal mainland, with representation of elevation and
lookout towers belonging to the NLTN (red points)) (Catry et al., 2007 (b)).

Portugal has a National Lookout Towers Network (NLTN) organised for fire
detection system working together with some ground and aerial mobile units. Catry
et al., (2007 (b)) evaluated the effectiveness of this system and they concluded that it
only detects well fires in 17% of Portugal mainland and is more efficient during the
day as compared to night time. This means that there is need for more methods such
as remote sensing to supplement this system to reduce the effects of forest fires.
However Portugal has an up-to-date forest fire database (Continental Portugal
wildfire database) in the custody of Direccdo Geral dos Recursos Florestais
(DGRF)-Portuguese forest service. The Continental Portugal wildfire database is
available online on Ministry of Agriculture website: http://www.afn.min-agricultur
a.pt/portal/dudf/estatisticas/estatisticas-1996-2006-por-fregu€hkia dataset relies

on in situ information provided by the Ministry of Agriculture and Civil Protection
(Pereira et al., 2007). This database is used in this study for the calibration and
validation of the multi-temporal threshold algorithm before it is tested at regional
scale in Southern Africa where there is no reliable fire database.

3.1.2. Southern Africa

Africa Southern Africa (Figure 3.2) is greatly affected by forest fires which are
ignited by people mainly for land management and by lightning. This occurs during
dry season approximately May to October. During this time of the year the
herbaceous vegetation is either dry or dormant and the deciduous trees also shed
their leaves and these provide fire fuel that is easily combustible. Alleaume et al.,
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(2005) noted that under the context of IPCC the estimation of biomass burning and
aerosol and trace gas emissions for southern Africa are active areas of research. This
can be difficult to achieve without the effective and efficient operational system for
near real time active fire detection and monitoring in this region. The most important
part in the process of understanding the effects of fire on the atmosphere is to have
accurate and reliable information on the time and location of forest fires (Morisette

et al., 2005).This is one of the problems in southern Africa as there is lack of ground
information on the time and location of fires in this region. Local fire information
exists for some areas such as national parks, protected forests and conservation areas
especially near the cities. This is however, not representative of the whole region
because these areas are under specific conservation management strategies and
strictly protected from the influence of people (Roy et al., 2005). Working on Fire
(WoF) organisation has a database on fires in South Affieis. organisation is

South African, government-funded, multi-partner organisation which is focused on
Integrated Fire Management and wild fire fighting (WoF, 200&)wever this
organisation does not record all the fires as they consider only big fires which they
give much attention mostly near citdherefore this gives a biased fire database
which is difficult and inappropriate to use in validating forest fire products from
remote sensing.

Source: (ROCEA,
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Fires in Southern Africa; 2008-08-25 10 2008-08-27

Source (FIRMS. 200¢

Figure 3.2Study area (Southern Africa)

Southern Africa is characterized by three major climatic regions: wet, semi-arid and
arid regions. Rainfall distribution in these regions, determines the prevalence or
occurrence of fires. In wet regions with rainfall above 1000 — 1200mm/yr there are
closed plant canopies and prolonged moist conditions which limit the spread of fires
(Roy et al., 2005). The semi-arid regions are mostly affected by fires as they are
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characterized by woodland savanna and they receive rainfall of about 550 —
750mm/yr. The arid areas (west and southwest interior) receive rainfall of less than
550mm/yr and the vegetation is mainly shrubs and grass production is determined by
the annual rainfall therefore fires are normally intermittent and normally follow the
periods of well above average rainfall (Roy et al., 2005).

There are many research and development organizations which are working on fire
in southern Africa and these include International Southern African Regional
Science Initiative (SAFARI) - 2000, Regional Sub-Saharan Wildland Fire Network
(Afrifirenet) and the Southern African Fire Network (SAFNET). Afrifirenet
developed the South African Advanced Fire Information System (AFIS) which is
one of the first near real time satellite based fire monitoring system in Africa (Frost
and Scholes, 2007). The Fire Information for Resource Management System
(FIRMS) developed at the University of Maryland is also providing MODIS active
fire data to natural resource managers, scientists and policy managers in 58 countries
(Groot et al., 2007) and these include those in southern Africa. However there is
need to augment these efforts by developing a fire detection system that is as near
real time as possible so as to be able to reduce the effects of fire on human beings
health and safety, regional economies, global climate change and fire sensitive
ecosystems.

3.2. Data used

MSG SEVIRI satellite data (including the images, MPEF cloud mask (CLM) and
FIR-G - fire product) was used for the development of the near-real time active fire
detection algorithm in this study. The MSG images were downloaded from the 3
years MSG archive at ITC using MSG data retriever. The other MSG products
(MPEF cloud mask (CLM) and FIR-G) were obtained from EUMETSAT. The
ground truth data for validation of the algorithm was obtained from Portugal
(Ministry of Agriculture:_http://www.afn.min-agricultura.pt/portal/ dudf/estatisticas/
estatisticas-1996-2006-por-frequgsiat the time of this study this database was
updated to 2006 and the data for 2007 was directly obtained from Portuguese
Ministry of Agriculture. The fire database obtained from Working on Fire (WoF)
organisation had no spatial coordinates which made it difficult to use in validating
the algorithm. Therefore for Southern Africa the MODIS fire product
(ftp://e4ftl0lu.ecs.nasa.ggvivas used in the validation of the multi-temporal
threshold algorithm developed in this study. The MPEF fire product (FIR-G) was
used for comparison with the algorithm developed in this study with reference to
ground fire data from Portugal and MODIS fire product. The MPEF fire product
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(FIR-G) was chosen as it is also based on MSG so there are no problems with spatial
and temporal resolution.

3.3. Data processing and analysis

3.3.1. Pre-processing of data

(i) Geometric calibration of MSG images
The geometric calibration of MSG images is done in the MSG data retriever
developed at ITC. The pixel position (x,y) in the image corresponds to angles in x
and y direction because of the scanning characteristics of the SEVIRI instrument
(Gieske et al., 2005).

(i) Radiometric calibration of MSG images
This is the conversion of DN values to radiance and further to the brightness
temperatures. This is also done using MSG data retriever. The DN values are
converted to DN values by:

R= slope * DN + offset
Where R is the radiance [(mWisr*(cm™)?]. Slope and offset are obtained from the
header file and DN refers to the digital numbers from the satellite. In this study the
brightness temperatures (top of the atmosphere) in channel 3.9um and 10.8um
channels are going to be used and the following equation is used to convert the
radiance to brightness temperatures in MSG data retriever.

E=[c2vc/ Iog(clv% +1j_ B} /A

Where T, is the brightness temperatures (K); R is the radiance [(fsfitm™)™;

v¢ is the central wave number of the channel for constagt&hc and g=hc/ks are

the radiation constants; c is the velocity of lightjkBoltzmann’s constant and h is
Planck’s constant; A and B are the band constants from the header file (Gieske et al.,
2005). The values for the parameters in the equation above are shown in Appendix
1.

(iif) Processing of ground data

The ground data from Portugal was used to develop and validate the algorithm
before it was applied to Southern Africa. This is because actual ground fire data is
not well documented in most of the Southern African countries. The ground data
(fire points) from Portugal was obtained from the Department of Agriculture and
Forestry (Portugal). The most important information recorded in this database which
was required in this study include: (i) date (ii) time the fire started (iii) extinction
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time (iv) burned area (v) spatial coordinates. This d&ta in x and y coordinates
Transverse Mercator projection and GCS_Datum_Lisboa Hayford geographic
coordinate system. These points were re-projected to lat/long WGS 84 and then
changed to the same projection and coordinate system with the MSG images. The
dates and time for the actual fire ground data from Portugal are shown in the table
below:

Table 3.1 Portugal ground fire data (obtained from fire database)

Date Time UTC
From To
21/08/05 0000 2345
06/09/07 0000 2345
07/09/07 0000 2345

The ground data for 21 August 2005 was used for the development and calibration
of the algorithm. Other ground fire data sets were used for the validation of the
algorithm. These dates were selected considering different sizes of fires (in terms of
burned areas) to check if the algorithm could also detect very small fires. The fire
points were sorted according to time steps of 15 minutes so that they go hand in
hand with the temporal resolution of MSG satellite. The time on the databases was
recorded in local time (UTC+1 hour), so to match with MSG images, it was
converted to UTC.

(iv) Processing of the MSG FIRG product, Cloud mask and MODIS fire
product
These products were processed differently as described below, but they were all set
to the same MSG georeference system to make it easier and appropriate for
comparison and validation of the fire products.

(a) MSG FIR-G product
This product was obtained from EUMETSAT as a full disk MSG image in GRIB
(Gridded Binary) file format. This was changed to boolean map in ILWIS format
showing fire and no fire. This was then converted to a vector map which shows the
fire polygons to be compared with the results of the multi-temporal algorithm
developed in this study.

(b) Cloud mask
The cloud mask was obtained from EUMETSAT in full pixel resolution displaying
information on the presence of clouds. This was also obtained as full disk image in
GRIB (Gridded Binary) file format and was converted to ILWIS file format and
resampled to the specific areas of interest (Portugal and Southern Africa).
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(c) MODIS fire product
MODIS fire products (MOD14 (Terra) and MYD14 (Aqua) were downloaded from
MODIS site: ftp://e4ftl0lu.ecs.nasa.goas hdf (hierarchical data format) files.
These files were converted to shapefiles using mod142shp tool that is a utility to
extracts MOD14 fire pixel locations and store them in ESRI SHP vector map file as
points. These points or shapefiles were later imported into ILWIS software. Only
those files with the overpass time that coincided with MSG over the study areas
(Portugal and Southern Africa) for the dates in table 5 above were considered in this
study.

3.3.2. Development of the system for active fire detection

The development of the system for active fire detection using geostationary satellites
in this study required three major steps: development of the algorithm, validation
and the automation of the procedures. These steps are shown in figure 3.3 below:

’ Development of the algorithm ‘
T

[
[

Multi-temporal analysis of 3.9u
temperatures MSG channel (witl
thermal component corrected)

[
Multi-temporal analysis of the
difference between 3.9um and 10.8u
MSG channels (with 3.9um solar
component correctgd

\—ﬁ Cloud Masking

v
’ Set thresholds for the algorithm ‘

Fire detection algorithm

v
’ Validation of the algorithm ‘

| Validation using ground fire data from Portugal Improving the algorithm
to detect small fires: CO2
Need To ; :
improvemet? Yes » correction and review of|
thresholds

Compare the accuracy of the aldorithm with MPEF (FIRG) from MSG satdllite
Using ground fire data (Portugal) and MODIS fire product (Southern Afriga)

Need fo
improvement?

rio

’ Automation of the procedure ‘

Yes

Near real-time automatgd
algorithm

Figure 3.3 An overview of the stefis developing the active fire detect
system
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3.3.21. Development of the multi-temporal threshold algorithm

The development of the algorithm involved three major activities: cloud masking,
multi-temporal analysis of 3.9um temperatures and the difference between 3.9um
and 10.8um temperatures and setting the thresholds for fire detecting algorithm. The
data for 21 August 2005 was used for the development and calibration of the
algorithm. Since the MODIS fire product was also used in this process the specific
times which coincided with MODIS (both Aqua and Terra sensors) overpass were
considered and these are: 12:00, 23:00, 01:30 and 02:25 UTC.

(i) Cloud masking
This method is ideal for cloud free days. It is nearly impossible to have 9
consecutive cloud free days for all the pixels over a large area; therefore a cloud
mask was applied on all the images. MSG MPEF system provides the cloud mask
for every image so this is used to mask out all the areas covered by clouds so that
they will not influence the results. There are some transparent clouds such as cirrus
which are difficult to detect and remove and may lower the temperatures in IR3.9
and this may bring bias in the analysis and results. In multi-temporal analysis not
only clouds can disturb but also the fires which may have occurred in the previous
days can raise the mean (background) temperature and some fires can me missed.
Therefore random sampling was done to pick the pixels from the image for 15
September 2007 and multi-temporal analysis was done to check the variation of
temperatures after cloud removal. It was realised that the temperature was -3 and +3
K around the mean temperature. Based on this finding all the days with pixels with
temperature below -3 and beyond®#3 were not included in the analysis to get
approximate normal background temperature. The cloud mask is also applied on the
10" image to remove the pixels contaminated by clouds.

(i) Multi-temporal analysis
The multi-temporal analysis was done to detect the temperature anomalies on the
MSG SEVERI images. Temperature anomalies are signals to show the possibility of
active fires (hot spots) as the fires produce a local increase of temperatures above the
normal background temperatures. The approach is more or less similar to a multi-
temporal robust satellite technique for forest fire detection by Mazoo et al., (2007) as
it is based on change detection scheme that detects signal anomalies by utilizing the
spatio-temporal domain of the geostationary satellites. This is basically realized on
the deviations from normal state of the environment that has been preliminarily
identified. Koltunov and Ustin, (2007) noted that the multi-temporal approach
defines fires as a class of anomalous changes in the scene. The analysis was done
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using the 3.9um (sensitive to temperature changes) and 10.8um (less sensitive to
temperature changes) channels.

The choice of the number of past images is also important and a minimum of 8 is
recommended for anomaly detection (Koltunov and Ustin, 2007). In this study 10
images of consecutive days of the same time of the day were used to detect the
temperature anomalies. Out of these 9 images only the non-anomalous days were
used for each pixel. It was realized that each pixel had a different number of non-
anomalous (in terms of temperature) days which varied from 0 to 9 and therefore
only those pixels with more than two days cloud non-anomalous days were included
in the analysis. It was assumed that with at least 3 non-anomalous days the
approximate normal temperatures can be estimated. The average temperature for
each pixel was calculated using the formula below:

_ z dT3.9um(i)

m t(3.9um) — N

Where msqum)is mean temperature for IR3.9 channel for the past
anomaly free days (between 3 and 9 days).
N is the number of anomaly free days (between 3 and 9).
dT.oumg) is the temperature of the day at the same time at
3.9um.

Figures 3.4 and 3.5 below show the maximum and minimum number of days
included in the analysis to estimate the background temperatures without the
anomalies.

Background temperature Background temperature
(Maximum number of days in analysis) (Minimum number of days in the analysis)

305 —o— Average dT3.9um
(mt (3.9um))

—&— dT3.9um
300
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—=—dT3.9um
—A—dT10.8um

300 4 —— Average T3.9um

(mt (3.9um)

Temperature (K)
Temperature (K)

—&— dT10.8um

295 + T T
295 — T 1 2 3
1 2 3 45 6 7 8 9
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Figure 3.4 Background temperature  Figure 3.5 Background temperature
(Maximum number of days in analysis) (Minimum number of days in analysis)
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If the temperature of the day at that particular time is higher than the mean
temperature it means that there is a temperature anomaly and there is a possibility of
fire. However the thresholds are set in section 3.3.2 (iii) below.

The brightness temperature of IR10.8 is normally lower as compared to the
brightness temperature in channel IR3.9 (EUMETSAT, 2007). The difference
between the temperatures in the two channels is also used to detect hot spots. There
is a higher difference on fire than non-fire pixels. In this study, the difference (on the
same time same day) is calculated as shown below:

T = dT3.9um(i) —dT,

10.8um(i)

Where T is the difference in temperature between IR3.9 and IR10.8 channels
dE.oumg)is the temperature of the day at the same time at 3.9um.
dTo.sumis the temperature of the day at the same time at 10.8pum.

This is applied to all the images and the average difference is obtained using the
formula:

T...
mdif — ZNdlf(D

Where my; is the mean of the differences in temperatures in IR3.9 and IR10.8
channels for the past anomaly free days (between 3 and 9 days).
N is number of anomaly free days (between 3 and 9).
Tt gy is the difference in temperature between IR3.9 and IR10.8 channels

Figures 3.6 and 3.7 below show the maximum and minimum number of days
included in the analysis to estimate the difference between IR3.9 and IR10.8
temperatures without the anomalies.

Difference in temperatures (IR3.9-1R10.8) Difference in temperatures (IR3.9-IR10.8)
(Maximum number of days in the analysis) (Minimum number of days in the analysis)

0
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(Tdif) 08 z .8um (mdif)

B f —A— Average T3.9um- 1 —-— ;F_?aigf;;mTlo.Bpm
2/3 a4 5 6 7\8/09 "
05 T10.8um (mdif) 12
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-15

Temperature (K)
Temperature (K)

Days

Days

Figure 3.6 Background temperat. Figure 3.7 Background temperatt
(difference in IR3.9 and IR10.8 channels)difference in IR3.9 and IR10.8 channels)
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Temperature anomalies are realized if the differém¢emperature between channel
IR3.9 and IR10.8 is above the mean difference temperature. The pixels on the image
have different number of anomaly free days to be included in the analysis to get the
approximate mean difference in IR3.9 and IR10.8 background temperatures
Therefore the number of anomaly free days (N) varies from 0 — 9 days. Only those
pixels with N greater than 2 are considered in the analysis. It was noted that the
number of pixels with N less than or equal to two (2) varies each time since clouds
are also highly dynamic environmental phenomenon. Figure 3.8 below is an
example which shows the number of pixels with different number of anomaly free
days at 0230 UTC (21 August 2005).

Number of pixels with different number of anomaly free days
~1100
90

2500

2000

Number of pixels
= [
o a1
S o
¢ 9

500

g
Number of pixels cumulative percentage

0 T T T T T T T T 0

Number of anomaly free days
Figure 3.8 Pixels with different number of anomalyefozy:
(21 August 2005 (0230 UTC))

From figure 3.8 above the number of pixels with anomaly free days (N) less than or
equal to two (2) is 25%. By eliminating these pixels it helps to have confidence in
the final result as it could be difficult to rely on background temperature estimated
using the temperatures observed in only 2 days or less. This reduces the false fire
alarms but some fires maybe missed as well, however, clouds are a rapidly changing
environmental phenomenon and considering the temporal resolution of MSG (15
minutes) the fires missed may be detected on subsequent time steps.

(iii) Thresholds for fire detection

In addition to the mean temperatures for IR3.9 and IR3.9-IR10; the standard
deviation (for IR3.9 and IR3.9-IR10.8) was also required to determine the thresholds
for the algorithm. The standard deviation for IR3.9 channel was calculated using the
following formula:
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S — \/Z(dT&gpm(i) - mt(3.9pm))2

t(3.9um) — N

Where Sis the standard deviation temperature in IR3.9 for the past anomaly free
days (between 3 and 9 days).
M 3.0um)iS the mean temperature.
N is the number of anomaly free days (between 3 and 9).
dEoum is the temperature of each day at the same time at 3.9um.

The standard deviation for the differences between IR3.9 and IR10.8 is also
calculated.

Sy = \/Z (Tai 0o~ mdif)2

N

Where G is the standard deviation of the differences in temperature for the past
anomaly free days (between 3 and 9 days).
my; is the mean of the differences in temperatures for the past ten days.
N is the number of anomaly free days (between 3 and 9)
Tir is the difference in temperature between IR3.9 and IR10.8 channels for
each day at the same time.

The thresholds can be determined using then8 S together with the averages
calculated in 3.3.2 (ii) aboven( andmys) andf valueas explained below. For the
hot spot to be classified as actual fire it should meet the following specifications:
dT3 ounPMyz.oumytT1(Siz.0um)
Tair >Myit +2 (Suir)

The hot spot may be classified as possible fire if:
AT opnMyz.opmitFa(Siz.0um) <My opmitf1(Siz.oum)
Tait > Mair +Fa(Sair) <Mair H2(Suir)

Thef value is the most critical factor in the above specifications as it determines the
level of the thresholds. The specifications for actual fires and possible fires are
different because the actual fires take the highest values from the approximate
normal background temperatures while the possible fires take the values between the
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normal background temperatures and the actual fires. This is all determinedfby the
values in the algorithm.

However the IR3.9 channel records the reflected energy from the sun and Earth’s
radiant energy during the day (Figure 2.3) and during the night it records the energy
from the earth only. This means that this channel has different responses during the
day and sd was different for day and night threshold@itie day images are defined

by the solar zenith angle of less thar! @d night for the solar zenith >®for the
angles between ?and 96 the thresholds are linearly interpolated (Appendix 4)
(EUMETSAT, 2007).Several tests were done to get the appropfiatelues by

using the error matrix to get the values with the highest accuracy (Appendix 2 and
3). In determining thé values all the fires in the database for the particular times
(0230 UTC and 1200 UTC 21 August 2005 in Portugal) were considered. The
histogram below shows the fires used in determining tadues for the thresholds.

Fires used for training of the algorithm

Frequency
BB
N A O © O N B
o O O O O O o

o Hm —

I S
P F P2
AR R e

Fire sizes (ha)

Figure 3.9 Fires used for development and training of the algorithm

(iv) CO, absorption correction
With reference to figure 2.6 it can be noted that records in IR3.9 channel (spectral
range 3.48 to 4.36um) are greatly affected by @korption. Therefore correction
for carbon dioxide absorption was also done to assess if this can improve the
performance of the algorithm. A method suggested by Rosenfeld (2005) was used to
correct for CQ absorption
T4_CO2corr = (BT (IR3.9)" Reorr §%
Where:
T4 _CO2corr, the CO2-corrected brightness temperature (BT) at IR3.9,
Rcorr = BT (IR10.8)- (BT (IR10.8) -AT_CO2)
AT _CO2 = (BT (IR10.8) - BT (IR13.4)) / 4

The CO2 — correction of brightness temperature (BT) in IR3.9 depends non-linearly
onAT_CO2, the difference IR10.8 and IR13.4, which depends on:
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e Temperature difference between surface and air mass at about 850 hPa
(AT_CO2 is very large for hot desert surfaces during day time)
« Height of cloud AT _CO2 is small for high clouds)
« Satellite viewing angle (so-called “limb cooling” effe&tT CO2 is
large for large satellite viewing angles)
« Differences in surface emissivity at 10.8 and 13.4 pm
(Rosenfield, 2005)

CGO, correction raises the temperatures in IR3.9 channel so the thresholds were also
changed and evaluated using the same method explained in 3.3.2 (a) (iii) above
(Appendix 6 and 7) and the accuracy was assessed as explained in 3.3.2 (b) below.

3.3.2.2. Validation of the algorithm

After development and training of the algorithm validation was done using ground
data from Portugal and the MODIS fire product (Portugal and Southern Africa).

Sampling design is a critical part of the validation process as it determines the
quality of results and makes the algorithm comparable with other algorithms for fire
detection. Simple random sampling is the most recommended design as it gives
every pixel equal chances of being selected and one of its advantages is simplicity
(Stehman, 1999). However (Longley et al., 2005) pointed out that in some cases
some classes are more common than others and a random sample that gives the
equal probability for every parcel or pixel to be chosen may be inefficient as too
many data may be gathered on common classes and not enough for the relatively
rare classes. This was also considered in this study as the hotspots which indicate
fires may not be common as compared to the non-fire areas. Therefore simple
random sampling is not applicable in this study. The fire pixels from the satellite
(algorithm and MPEF-FIRG) were compared with fire areas or points from the
ground data. Non-fire areas were not considered when assessing the accuracy of
each method with reference to ground data as they may bring bias in the accuracy
level of the algorithm. The structure of the error matrix used is shown below:

Table 3.2: Error matrix
Fire Ground dai

Fire Y N Total
Y

_ N Y = Fire
Fire Map N = No fire
Total
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The fire ground data from Portugal was used in the validation of the maps obtained
through the use of the algorithm developed in 3.3.2 (a) above. The error matrix was
used to calculate the commission (user’s accuracy) and omission errors (producer’s
accuracy). Sensitivity analysis was performed (0230, 1200, 1330 and 2300 UTC (21
August 2005) in Portugal) to determine the fire size levels at which the algorithm
can detect 50% of the fires and above. The sizes of fires are based on the fraction of
the pixel covered by fire (Figure 2.5) given the MSG spatial resolution of 3km (900
hectares). The table below shows the sizes of fires used in the sensitivity analysis

Table 3.3 Sizes of fires used in sensitivity analysi

Fraction of a pixel covered by fire Area burned (ha)
0.025 22.5
0.050 45.0
0.075 67.5
0.100 90.0
0.125 112.5
0.150 135.0
0.175 157.5
0.200 180.0

As the fraction of the pixel covered by fire increaghere will be more deviation
from the approximate normal background temperature (Figure 2.5) and this may also
increase the fire detection rate of the algorithm.

As recommended by Foody, (2004) and de Leeuw et al., (2006) the McNemar’s test
(1947) was used to test the hypothesis of this study. This method was used to
compare the performance of the multi-temporal threshold algorithm developed in
this study and the MPEF FIRG product from MSG satellite. This was also used to
compare the performance of two algorithms developed in this study:
(i) Algorithm A - developed without the removal of the solar constant
and CQ absorption
(i) Algorithm B - developed with the removal of both solar constant and
CQO, absorption.
McNemar's test is based on 2 x 2 matrix as shown in table 3.4 below. The null
hypothesis is that both algorithms under investigation have the same performance on
detecting fires. When using the McNemar’s test the frequency table includes the no
fire pixels since it is a comparison of two methods and these no fire pixels may be
wrongly detected as fires by another algorithm
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Table 3.4 Cross tabulation of number of correct and wrongly classified pixels for
two algorithms

Algorithm B
Algorithm A Wrong Correct
Wrong H f12
Correct el f2

The method uses a population ratio:
O O
Y="1,11,

This is estimated by the simple rafip, / f,, thus the null hypothesis equals: kt

= 1. The method is based on the chi-square statistic that is computed as shown
below:

x* = (f12 - le)z/(flz + f21)

The P-value of the McNemar's test is then used jecteor not reject the null
hypothesis of equal algorithm performance. With reference textheest tables, the

null hypothesis is rejected if tha® result is significant (p-value<0.05) with the
degree of freedom (df) of 1.

The data used for the validation of the algorithm is independent of the data used in
developing this algorithm. This was done to avoid biased accuracy assessment of the
algorithm. The times considered for validation and comparison of the performance
of the algorithms are shown in Appendix 8. As for Southern Africa the MODIS fire
product for 06 September 2007 at 1215 UTC was considered for the comparison of
MSG fire product and the multi-temporal algorithm developed in this study. The
frequencies obtained on the comparison of the different methods or algorithms as
well the error matrices for the individual algorithms are shown in Appendix 9-12.

3.3.2.3. Automation of the procedure for the algorithm

The procedure for the active fire detection multi-temporal algorithm described above
is summarised in the flow diagram below.
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Figure 3.1C Procedure for the algorith

The procedure was automated using ILWIS softwdrkee exact operations of what
is done at each and every step in figure 3.10 above are shown in the scripts in

Appendix 13-16.
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4. Results

This chapter outlines the results obtained from the methods outlined in chapter 3 and
it focuses on the multi-temporal threshold algorithm, accuracy of the multi-temporal
threshold algorithm and the automated procedure of the algorithm.

4.1. Multi-temporal threshold algorithm

The algorithm is based on the multi-temporal thresholds developed on the basis of
temperature anomalies detected in IR3.9 channel and the difference between IR3.9
and IR10.8 MSG channels over a period of consecutive days.

4.1.1. Temperature anomalies

The temperature anomalies can be detected using IR3.9 channel (Figure 4.1) and the
difference between IR3.9 and IR10.8 channels (Figure 4.2).

Temperature in IR3.9 and IR10.8 channels
a20 Anomaly\@
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Figure 4.1 Temperature anomaly in IR3.9 channel
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Figure 4.2 Temperature anomaly (difference between
IR3.9 and IR10.8 channels)

The anomalies are observed as there is a deviation from the average (hormal)
background temperatures. Since the number of anomaly free days (N) varies for
each pixel on the image, the example used in this case has 8 days included in the
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analysis to get the approximate background temperature. The difference between
IR3.9 and IR10.8 temperatures is important for forest fire detection as the
temperature in IR3.9 channel alone may not show the occurrence of fires. In some
cases IR3.9 temperatures may be above the mean IR3.9 temperature but there could
be no difference between IR3.9 and IR10.8 or the difference is not very high above
the mean or average difference. This means that this anomaly is not significant and
cannot be attributed to forest fires for example days 1-3 in figures 4.1 and 4.2 above.

4.1.2. Thresholds for the algorithm

IR3.9 channel is sensitive to temperature changes as compared to IR10.8 channel
and it also records the solar reflectance at the top of atmosphere. This means that
during the day temperatures in IR3.9 are higher than those in IR10.8 channel but
since IR3.9 channel is sensitive to temperature changes it can also be lower than
IR10.8 due to some anomalies or daily temperature variation (Figure 4.3 below).
During night time when there are no anomalies such as fires and clouds,
temperatures in IR3.9 are lower than in IR10.8. This is mainly because there is no
solar component recorded in IR3.9 channel during night time and this channel is
very sensitive to temperature changes (Figure 4.4).

Day time IR3.9 and 10.8 temperatures Night time IR3.9 and IR10.8 temperatures
(12:00 UTC) (05:30 UTC)
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Days Days

Figure 4.3 Day time IR3.9 and IR10.8Figure 4.4 Night time IR3.9 and IR10.8
temperatures temperatures

Based on the differences in temperatures in IR3.9 channel in relation to IR10.8
channels during the day and night; thresholds for day and night are also different.
The thresholds for actual fire and probable fire are shown below:

() Actual fire

dT3 o Myz.oumytT1(Siz.oum)
Tair >Mair +2 (Suir)
(i) Probable fire
d T3 0umMya.opumit3(Siz.oum) <Mz opmit f1(Siz.oum)
Tair > Myt +Fa(Sair) <Mair +F2(Suir)
Day timef,= 2.5;f,= 3;f;=2;f,=2.5; Night timef,= 1, f,=3; f;=0; f,=0
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In this algorithmf is the most variable factor hence it determines the difference
between actual and possible fire during the day and night.f Madues for the
thresholds were determined by the accuracy of different combinations of different
values. Thd values chosen had a higher producer accuracy of 22.1% and 19.2% for
day and night respectively (Appendix 2 and 3). For twilight conditiorf taetor is
linearly interpolated (Appendix 4)The results of the algorithm during the training
and calibration of the method are shown below:

Fires in Portulgal (21 August 2005 (0230 UTC)) Hot spots in IR3.9 channel (21 August 2005(0230 UTC)
.
ety e
- P~ i —————— Leg;?g‘(temperature-K)
A 0 70 km B Actus e Proction: GO WGS 34 B
Projection: GCS WGS 84 W Possible fire 202517
Figure 4.5 Fires from the algorithm  Figure 4.6 Hot spots (IR3.9 channel)
during night time night time
Fires in Portugal (21 August 2005 (1330 UTC) Hot spots in IR3.9 channel (21 August 2005 (1330 UTC)
eI asodes e N Legend (temperaute-K
A e ';g:‘:“’ms Projection: GCS WGS 84 e
Projection; GCS WGS 84 [ Possible fires 202,188
EAN)
Figure 4.7 Fires from the algorithm  Figure 4.8 Hot spots (IR3.9 channel)
during day time during the day
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4.2. Validation of the algorithm

4.2.1. Sensitivity analysis

As noted in 4.1.2 above the accuracy of the algorithm was very low as it could not
detect all the fires so sensitivity analysis was done to get the threshold at which the
algorithm can detect 50% of the fires and above (Appendix 5). Figure 4.9 below
shows the levels of accuracy as determined by the sizes of fires.

Accuracy of the algorithm in relation
to the fire sizes

50

45

40

Producer accuracy (%)

35 + T T T T T T T ,
o 25 50 75 100 125 150 175 200
Sizes of fires (ha)

Figure 4.9Sizes of fires in relation to fire detect
levels of the algorithm

The algorithm could not give the producer accuracy of 50%. It obtained the highest
producer accuracy of 45.8% when fires of sizes greater than 135 hectares were used
for validation. This was considered to be the fire sizes at which the algorithm could
attain the highest accuracy and therefore was used in the higher levels of validation
of the algorithm. The maps below show the fires (greater than or equal to 135ha)
detected by the algorithm

Fires in Portugal (21 August 2005 (2300 UTC)) Fires in Portugal (21 August 2005 (1200 UTC)}

e

N ——— Legend N —_— Legend
A 0 100 km Actual fire A 0 100 km Actual fires

24 /: z:usn‘j:.rg:m; Projection; GCS WGS 84 j GP DSS‘:‘: fres
Figure 4.11 Fires (>135 ha) detected Figure 4.10 Fires (>135 ha) detected
by the algorithm (1200 UTC) by the algorithm (2300 UTC)
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4.2.2. Comparison between the algorithm and the MSG FIRG
product

The maps below show some of the results of the comparison between multi-temporal
threshold algorithm and the contextual algorithm (MSG FIR-G product) using
ground data from Portugal.

—
Fires in Portugal (06 September 2007 (0130 UTC) Fires in Portugal (07 September 2007 (1215 UTC)

. caxes

N e —— O —— Leg
gend
A 0 100 km A 0 100 km Actua fire (Agorti)
Projection; GCS WGS 84 0 Gound fire poirts

s
Projection: GCS WGS 84 O MSG FIR-G- fire point

Figure 4.12Fires (>135 ha) detected by Figure 4.13Fires (>135 ha) detected
the algorithm and MSG FIR-G product the algorithm and MSG FIR produc
(0130 UTC) (1215 UTC)

Table 4.1 below shows the accuracy of the multi-temporal threshold algorithm and
MSG FIR-G product (contextual algorithm). Table 4.2 shows the comparison of
these two algorithms when same ground data set from Portugal fire database was
used for validation. These results are based on the error matrices and frequency table
for the performance of these algorithms in Appendix 9.

Table 4.1 Accuracy of the algorithms: (multi-temporal threshold algorithm and
contextual threshold algorithm (MSG FIRG product)

Errors of Errors of Fires Detected
commission (%) omission (%) (%)
Multi-temporal threshold 20.6 50 50
algorithm
Contextual algorithm 0 96.3 3.7
(MSG FIRG)
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Table 4.2 Frequency of correct and wrongly classified pixels by the multi-temporal
threshold algorithm and contextual algorithm (MSG FIR-G product)

Multi-temporal threshold algorithm Total
MSG FIRG Wrong Correct
Wrong 25 22 47
Correct 9 5 14
Total 34 27 61

These results indicate that the multi-temporal threshold algorithm has a higher
accuracy compared to the contextual algorithm (MSG FIR-G product); this
difference is significant (McNemar’s test statisti¢)(= 5.45, df = 1, p-value =
0.0196) and therefore the null hypothesis of equal performance of these two
algorithms is rejected.

4.2.3. CO, correction of the IR3.9 channel
4.2.3.1. CO; correction and changing of thresholds

The correction of C@absorption in IR3.9 channel raises the temperatures in this
channel as shown in figure 4.14 below:

CO2 Correction
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< 315
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§ 305 -
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285
280

——T3.9um (with CO2 correction)
—=—T10.8um
—+— T3.9um (no CO2

Days

Figure 4.14 Effect of C&correction on IR3.9 channel

As the temperature in IR3.9 channel increases due to the correction 0f CO
absorption the thresholds for actual fire and probable fire were also changed to the
ones shown below (see also Appendix 6 and 7):
0] Actual fire
dT3 ounPMyz.oumytT1(Siz.0um)
Tair >Mair +2 (Suir)
(iii) Probable fire
d T3 gur My opmitTa(Sya.oum) <Mz aumitf1(Sia.oum)
Tair > Mair +a(Sair) <mair +F2(Seir)
Day timef,= 2.5;f,= 3;f;=2; f,=2.5; Night timef,=6; f,=7.5;f,=5.5;f,=5.5
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4.2.3.2. Comparison of the algorithms: without CO, correction and

with CO, correction
Table 4.3 below shows the accuracy of the two multi-temporal threshold algorithms;
i) with CO, correction and ii) without C® correction. Table 4.4 shows the
comparison of these two algorithms when same ground data set from Portugal fire
database was used for accuracy assessment. These tables are based on the error
matrices and frequency table in Appendix 10.

Table 4.3 Accuracy of the algorithms: (multi-temporal threshold algorithms (without
CO, correction and one with G@orrection)

Errors of Errors of | Fires Detected
commission | omission (%)
(%) (%)
Multi-temporal threshold 38.5 48.4 51.6
algorithm withoutCO, correction
Multi-temporal threshold 85.6 51.6 48.4
algorithm withCO, correction

Table 4.4 Frequency of correct and wrongly classified pixels by the multi-temporal
threshold algorithms (without G@orrection and one with G@orrection)

Multi-temporal threshold algorithm| Total
Multi-temporal threshold without CO, correction
algorithm withCO, correction Wrong Correct
Wrong 27 184 211
Correct 23 27 50
Total 50 211 261

There is a difference between the performance of the two multi-temporal threshold
algorithms; with CQ correction and without CQcorrection. The multi-temporal
threshold algorithm without CQOcorrection correctly classified more fire points
which where misclassified by the multi-temporal threshold algorithm with CO
correction. The difference between the performances of the two algorithms is
significant (McNemar’s test statistic?) = 125.2, df =1, p-value<0.0001). Therefore
the null hypothesis of equal performance of these two methods is rejected.
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4.2.4. Application of the algorithm in Southern Africa

The MODIS fire product was used to validate the multi-temporal threshold
algorithm (without C@ correction) developed in this study and compare the
accuracy with that of the MSG FIRG product in Southern Africa.

4.2.4.1. Accuracy assessment of the MODIS fire product

The table 4.5 below shows the accuracy of MODIS fire product when ground fire
data from Portugal was used for validation (Error matrix is shown in Appendix 11).

Table 4.5 Accuracy of the MODIS fire product

Errors of Errors of Fires Detected
commission (%)| omission (%) (%)
MODIS Fire Product 29.8 35.9 64.1

4.2.4.2. Accuracy assessment of the algorithm in Southern Africa

The MODIS fire product has higher accuracy as compared to the multi-temporal
threshold algorithm developed in this study as well as the MSG FIR-G product. This
is mainly because of its high spatial resolution of 1km as compared to 3km for MSG
satellite. Therefore the MODIS fire product was used as reference data to compare
the accuracy of multi-temporal threshold algorithm with that of the MSG FIR-G
product in Southern Africa. The map below (Figure 4.15) shows the comparison of
the multi-temporal threshold algorithm and MSG FIR-G product in Southern Africa
(parts of Angola, Botswana, Namibia, South Africa, Zambia and Zimbabwe) using
the MODIS fire product for validation (see also Appendix 17).

Fires in Southern Africa (06 September 2007 (1215 UTC))

1080145
1255195

2646356
1050145

———— Legend
0 200 km

-z

Actual fire (Algorithm)
Projection: GCS WGS &4 [ Possible fire (Algorithm)
© MODIS fire product
B VSG FIR-G product

Figure 4.15 MODIS fires detected by the algorithm and MSG FIR-G product
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The tables below show the statistics on accuracy and comparison of the multi-
temporal threshold algorithm and MSG FIR-G product when MODIS fire product
was used for validation in Southern Africa. These tables are based on the error
matrices and frequency table in Appendix 12.

Table 4.6 Accuracy of the algorithms: (multi-temporal threshold algorithm and
contextual threshold algorithm (MSG FIR-G product) when MODIS fire Product is
used for validation)

Errors of Errors of Fires Detected
commission (%)| omission (%) (%)
Multi-temporal threshold 4.7 25.1 74.9
algorithm without
Contextual algorithm 1.6 87.9 12.1
(MSG FIR-G)

Table 4.7 Frequency of correct and wrongly classified pixels by the multi-temporal
threshold algorithm and contextual algorithm (MSG FIR-G product)

Multi-temporal threshold algorithm without| Total
CO; correction
MSG FIRG product Wrong Correct
(contextual algorithm)
Wrong 512 1296 1808
Correct 80 242 322
Total 592 1538 2130

The results show that the multi-temporal threshold algorithm has a higher accuracy
compared to the contextual algorithm; this difference is significant (McNemar’s test

statistic (¢) = 1074.6, df = 1, p-value<0.0001) and one can reject the null hypothesis

of equal performance of the two algorithms.

4.3. The automated procedure for the multi-temporal
threshold algorithm

The automation of the procedure outlined in figure 3r&8ulted in a semi-
automated system that has three main scripts:

i) Create_solarzenithangle_maps - for calculating the solar zenith
angles (Appendix 13)
ii) (&) Active_fire_detection_algorithm_v1.1 - for fire detection

without using the cloud mask (Appendix 14)
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(b) Active fire_detection_algorithm_v1.2 - for fire detection
including the use of cloud mask (Appendix 15)
iii) CLM_processing — for cloud mask processing (Appendix 16) and
used when script in (ii) (b) above is used.
These scripts perform the batch processing of the procedures in figutetdl&s
less than 15 minutes to do the processing of all the procedures and come up with fire
map. It was confirmed in this study that the results obtained through the use of these
scripts are similar to the ones obtained by manually following all the procedures in
the scripts.

The following steps have to be followed to fully execute the procedure for the multi-
temporal threshold algorithm developed in this study:

1. Data retrieving - settings
The settings shown in figure 4.1®low should be set on the MSG data retriever
when downloading the data for this algorithm. These specifications are important as
they make it possible to repeat this research or whenever this algorithm is used.

[ iteorst second emration et R REE
File Help
r~Date / Time range [UTC) i~ Charrel: ¥ Use bounding box
Fom | B/12/2006 -I 1200 = (Cjvisoos
To [ezizams <1200 = EYFI\SS??
Repeat Interval [min): W IF\:D3S
Ow_o62
Sees | |Owv._ore
™ Multiple Channels in one File o ::*gg;
[V Multiple Times in one File IF\:T 03
~ Comversion————————————— E P
" Diiginal DN Values ] HF;V
B hits Yalues

© Radiometric [mwm2/siom 1)) | | 3ot .
" Radiometric fw!/m2/srum] Files 3 Lat |—35.9155|—5.7575 WES éﬂy I_ :

@ Reflectance ¢ Temperature (K] ME = Lon | 12BE4E | 52E32E 1984)
~ Output I~ lgnore Ermors
Format  [ILwIS Raster Map =l Projection [M35 = [¥ Show Console
File: prefis: {m ¥ Simple Filename ™| Pive! size
Execute
Folder: IH WTEST421_08_05\1200 Browse. .

Sheow command line | Exit

Figure 4.16 Settings on MSG data retriever

All the settings shown above are important as they are also specified in the scripts so
if this is not done properly there could be some problems with the execution of the
algorithm using these scripts. The file prefix should be specified as this is a
parameter (%6) required in setting the georeferémcthe output solar zenith angle
maps in step 2 below. This prefix is also required as a parameter (%9) in step 3 for
the map lists file names. The default for this systetmis but it can be changed to
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any other letter. If this is not specified it could be difficult to run the system. The
images should be saved in the same directory with the scripts.

2. Generate solar zenith angles
Since the thresholds for fire detection are different for day, twilight and night
conditions, it is necessary to calculate the solar zenith angles for the area of interest
as these are inputs in the next step. This is done by running the
create_solarzenithangle_maps script. When running this script some parameters
have to be specified and these include: year, month, day, time, output georeference
and the file prefix for the resampled solar zenith angles georeference. The file prefix
is the same as specified in step 1 above. Time should be entered in this format: 12.00
(for 12:00 UTC).

3. Fire detection

When all is set, fire detection could be done by running the fire detection scripts.
There are two versions of the fire detection algorithms:

() Active_fire_detection_algorithm_v1.1

(b) Active_fire_detection_algorithm_v1.2
These have same parameters that have to be specified and these include the
thresholds for the algorithmg yalues in 4.1.2) and the map list file name prefix
specified in step 1. It should be noted that algorithm (a) should be used when there is
no use of cloud mask and (b) requires the use of cloud mask. Therefore when using
algorithm (b) the cloud mask should be processed using the CLM_processing script
(Appendix 16).1t is also worth to point out that these files slibbk in the same
directory otherwise it could be difficult or impossible to run this automated
procedure. Whenever algorithm (a) is used the visible channels should be used to
check if the area of interest is free of clouds otherwise the results could be greatly
affected by clouds. It should be noted that,€6rrection was not considered at this
stage since it does not improve the accuracy of the algorithm.
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5. Discussion of results

This chapter discusses the results presented in Chapter 4 above, mainly focussing on
the multi-temporal threshold algorithm, accuracy of the algorithm as well as the
automation of the procedure for the algorithm.

5.1. Multi-temporal threshold algorithm

This study has proved that the temperature anomalies determined through the multi-
temporal analysis can be used for forest fire detection. Only a few algorithms that
consider the use of multi-temporal methods in forest fire detection have been
developed so far and the results of this study have confirmed the conclusions made
by other different multi-temporal algorithms (van den Bergh and Frost, 2005,
Mazzeo et al., 2007, Koltunov and Ustin, 2007) that multi-temporal analysis can be
used for forest fire detection. The thresholds for the multi-temporal algorithm for
day and night are quite different due to the recording of the solar component during
the day in IR3.9 channel; therefore the thresholds are higher during day time as
compared to night time. The difference between IR3.9 and IR10.8 channels has been
proved to be important in this study. This is important as the IR3.9 channel alone
cannot be reliable for fire detection since this channel is very sensitive to
temperature changes so it may be high even when there is no fire. Therefore the
difference between IR3.9 and IR10.8 channels will give or increase the confidence
on presence or absence of fire. The use of these two MSG channels has been applied
in many algorithms for fire detection for example by Calle et al., (2004) and Hassini
et al.,, (2009) and they also confirmed the difference between day and night
thresholds. Although this algorithm is based on multi-temporal analysis, it has
shown that it also requires the application of these two channels (IR3.9 and IR10.8)
as in contextual algorithms mentioned above. The algorithm can be applied to any
other geostationary satellites using the same channels (IR3.9 and IR10.8) for near
real time forest fire detection. Only solar zenith angles in this algorithm are specific
to MSG satellite as they are calculated frofaditude and 9 longitude so these

need to be changed to suit the specifications of the particular geostationary satellite
position.
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5.2. Accuracy of the multi-temporal algorithm

The multi-temporal threshold algorithm developed in this study detected more fires
as compared to the MSG FIR-G product that is based on contextual threshold
concept. This is basically attributed to the differences in these methods as all other
aspects such as time and spatial resolutions are similar. This was confirmed in both
Portugal and Southern Africa. The use of these two study areas (Portugal (small or
national scale) and Southern Africa (regional scale)) with different environments
helped to clearly show the superiority of the multi-temporal algorithm developed in
this study over the contextual algorithms. This also means that the algorithm can be
applied to any location within the view of the MSG satellite. However the accuracy
of the multi-temporal algorithm is not very high when the ground data is used for
validation as compared to when the MODIS fire product is used. This may be due to
several factors such as the errors in recording the time when the fire started and
ended. Csizar et al., (2006) noted that the use of in situ observations of fire may be
difficult to achieve as some of the fires may not have been recorded. This increases
the false fire alarms (errors of commission). In this study this was mainly realized
during the day as there could be some fires of short duration but with high intensity
or high temperatures that could be picked up by the satellites. Giglio, (2007)
confirmed by Hawbacker, (2008) noted that fire activity follows a diurnal or daily
cycle often increasing in the afternoon when weather conditions are most favorable
for burning. These fires are rarely recorded. In support of this, Calle et al., (2004)
also noted that the validity of the fire detection rate of any algorithm lies in the
quality of data used in the validation or accuracy assessment and errors of
commission are most common in almost all forest fire detection models.

Although clouds were removed there are some clouds which are transparent and
difficult to detect. Roberts and Wooster,(2008) noted that there is a tendency for
some small clouds and edges of clouds that remain unmasked when the MSG CLM
product is used. Flannigan and Von der Haar, (1986) in Hawbaker et al., (2008)
pointed out that clouds are a most difficult factor that greatly disturbs the detection
of forest fires by remote sensing. These clouds greatly lead to high errors of
omission since they induce low temperatures so the fires under these clouds are not
detected. These contaminated fires are included in the analysis and recorded as
missed fires thereby increasing the errors of omission. This was also realized in this
study especially during the twilight conditions (when solar zenith angle between 70
and 96). Hassini et al., (2009) also pointed out that there are some problems with
these dusk and dawn periods as they experience a rapid change of temperatures
especially in IR3.9 channel so some fires may be missed. However this method has
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shown one of the ways of minimising the problems or uncertainties caused by the
mixed water and land scene surfaces as well as unknown land surface emissivity
especially in channel IR3.9. These issues were highlighted by Hassini et al., (2009)
as outstanding in their contextual algorithm as it requires a 3x3 matrix. The multi-
temporal analysis method developed in this study is pixel based and there is no use
of a 3x3 matrix as in contextual algorithms.

The fire detection rate of the multi-temporal threshold algorithm decreased with the
decrease in fire sizes (ha). This is due to the low spatial resolution (3km) of MSG
satellite. This is confirmed by the ability of the MODIS (1km spatial resolution) to
pick up more fires of smaller sizes (>45ha) as compared to the MSG satellite. This
study proved that the multi-temporal threshold algorithm can detect well the fires
greater than 135 ha. However it should be noted that fire size (ha) is not the only
factor that determines the possibility of fires being detected by the satellites. Some
other factors such as fuel load, moisture levels and the weather conditions are also of
great importance (Hawbaker et al., 2008) as they determine the intensity or
temperature of fire thereby affecting the detection rate of the multi-temporal
threshold algorithm developed in this study. It is worth to note that the multi-
temporal threshold method also confirmed that the fires are more likely to be
detected in IR3.9 and IR10.8 when the temperature deviates from the approximate
normal background temperature (300 so those fires with low temperatures are
hardly detected. It can be noted that when the size of the fire increases its
temperature also increases thereby deviating from normal background temperature
(Figure 2.5) (EUMETSAT and CGMS, 1999, Philip, 2007). This increases the
probability of fires detected by the multi-temporal threshold method (Figure 4.9).

Although there are different multi-temporal methods developed before, results of
their validation are difficult to compare with the results of this study. For example

Mazzeo et al.,, (2007) developed their multi-temporal robust satellite technique
(RST) for fire detection but they did not provide the detailed accuracy statistics of
their algorithm. Koltunov and Ustin, (2007) confirmed that their non-linear Dynamic

Detection Model (DDM) did not detect the occurrence of forest fires correctly but

acknowledged that the multi-temporal method have the potential to detect fires if
further improvements are made.

This study has also proved that C&rrection for absorption in IR3.9 channel does
not improve the detection rate of the multi-temporal threshold algorithm. The
thresholds for daytime did not change from the ones for the algorithm withgut CO
correction. This shows that the relationship between IR3.9 and IR10.8 is not altered
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during the day unlike during the night where IR10.8 is normally above IR3.9 (Figure
4.4) and after C@® correction IR3.9 temperature will be higher than IR10.8
temperatures hence the thresholds also change. It was shown that when CO
correction is conducted, even those areas without fires will have higher temperatures
so this increases the errors of commission (false fire alarms). Depending on the
thresholds some fires may even be missed as their temperature becomes lower than
that of the non fire areas. Therefore Drrection is not necessary when using the

top of atmosphere (TOA) brightness temperatures to detect forest fires. This may
explain why CQ correction is not considered in many contextual algorithms such as
developed by Calle et al., (2004) and Hassini et al., (2009).

5.3. Automation of the procedure for multi-temporal
algorithm

This study has shown one of the possible ways of automating the multi-temporal
algorithm for near real time fire detection and monitoring using geostationary
satellites. This automated procedure takes less than 15 minutes to run and provide
the fire map which makes it possible for near-real time monitoring of forest fires as
it can cope with the temporal resolution of MSG (15 minutes). This was only tested
using two study areas (Portugal and Southern Africa) and since this study did not
focus on the full disk of the MSG satellite, it was not tested on how much time it
takes to process the full MSG disk images. However it should be noted that the time
taken to run this algorithm depends on the size of the area of interest and the
procedures that are executed by the scripts for example the one without cloud
masking takes less time as compared to the one which requires cloud masking and
gives better results. Most of the multi-temporal algorithms are not automated and in
this study it was also not possible to compare with the contextual algorithms applied
to the MSG FIR-G product. It is most likely that it is faster to automatically process
the contextual algorithm as compared to multi-temporal algorithm. This is mainly
because the contextual algorithms are based on one image while the multi-temporal
algorithms are based on more than one image to derive the final result (fire map)
which takes a longer time to compute. This study has shown the applicability of
multi-temporal method in near real time detection of forest fires using the
geostationary satellites considering their high temporal resolution that is appropriate
for monitoring rapidly changing environmental phenomenon. This is also a robust
fire detection method that can be applied over the whole year without problems with
seasonal variations as the background temperature is calculated from images directly
prior to the actual image on which the active forest fires are detected.
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5.4. Limitations of the study

This study has three major limitations:

1. Lack of fire ground data for other areas (Southern Africa) for validation of
the multi-temporal threshold algorithm. The MODIS fire product is not a
perfect reference for validation of other fire products or algorithms since it
also uses a contextual algorithm; however, it is the most accurate fire
product currently available.

2. The multi-temporal threshold algorithm developed in this study was only
tested during the fire season in both Portugal and Southern Africa so its
performance throughout the year was not verified.

3. The validation was based on yes or no fire which was difficult to handle
especially when MODIS fire product was used for validation due to the
different spatial resolutions between MODIS (1km) and MSG (3km)
satellites. Therefore one fire pixel or point in MSG may have more fire
points in MODIS.
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6. Conclusion & Recommendations

This chapter outlines the conclusions and recommendations of this study.

6.1. Conclusions

This study fulfilled the research objectives and answers the research questions
outlined in section 1.3. The major conclusions of this study are outlined below:

MSG SEVIRI capability to detect temperature anomalies using the

multi-temporal method
MSG satellite is capable of detecting the temperatures anomalies using the multi-
temporal analysis method using the IR3.9 and IR10.8 channels. This is mainly due
to the sensitivity of these channels to temperature changes which makes them
capable of detecting the anomalies as the temperature for a particular time deviates
from the normal background temperatures. These temperature anomalies can be used
to detect forest fires.

The importance of the difference between IR3.9 and IR10.8 channels in

forest fire detection using multi-temporal threshold algorithm
The difference between the IR3.9 and IR10.8 channels is important in forest fire
detection using the multi-temporal method. This is mainly because the IR3.9 channel
is very sensitive to temperature changes as compared to IR10.8 so the temperature in
IR3.9 channel may be high as compared to the normal background temperatures
even if there is no fire. Therefore the difference between these channels helps to
discriminate fire pixels or points from non-fire pixels as the large difference signifies
fire and small difference means low probability of fire.

How the temperature anomalies can be used to detect fires
Multi-temporal analysis method can be used to detect forest fires based on specified

thresholds considering the temperature anomalies in IR3.9 and IR10.8 channels for
MSG satellites. This method is applicable to day, night and twilight conditions and
can be applied to the full MSG disk since it considers the different illumination
conditions. These thresholds can be applied to other geostationary satellites. Only
solar zenith angles in this algorithm are specific to MSG satellite as they are
calculated from 9 latitude and ® longitude so these can be changed to suit the
specifications of a particular geostationary satellite.
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The accuracy of the multi-temporal threshold algorithm
The multi-temporal threshold algorithm developed in this study has higher accuracy

as compared to the contextual algorithm that is applied in MSG FIR-G product when
either the ground fire data or MODIS fire product is used for validation. The
difference in the performance of these algorithms is attributed to the fundamental
differences in these methods as other factors such as spatial and temporal resolutions
are similar. Undetected clouds were increasing the errors in fire detection using a
multi-temporal threshold algorithm developed in this study.

IR3.9 CQ correction
CO, correction does not improve the accuracy of the multi-temporal threshold

algorithm therefore it is not necessary in forest fire detection using the brightness
temperature at the top of atmosphere (TOA).

Automation of the procedure for the multi-temporal threshold algorithm
The procedure was automated using scripts in ILWIS. The automated procedure for

the multi-temporal threshold algorithm can cope with the temporal resolution of
MSG satellite (15 minutes). Therefore it is applicable in near real time monitoring of
forest fires which is a rapidly changing environmental phenomenon.

6.2. Recommendations

Based on the limitations and conclusions of this study the following
recommendations are made:

» Further validation or accuracy assessment of the multi-temporal algorithm
using ground data from different locations. The validation scheme may be
improved especially when MODIS fire product is used for validation.

» Use of supplementary cloud mask in addition to MSG CLM (cloud mask)
product to minimize the effects of clouds on the performance of the multi-
temporal threshold algorithm.

 Apply the algorithm to other geostationary satellites to assess its
performance.

The multi-temporal threshold algorithm developed in this study is robust and simple
to apply in forest fire detection for near real time monitoring and it can be applied to
other geostationary satellites such as GOES, MTSAT-1R and FY-2C and only the
solar zenith angles have to be adjusted depending on the position of the satellite.
Although the algorithm was only validated in Portugal and Southern Africa it is also
applicable to other areas however this has to be confirmed through further studies.
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Appendices

Appendix 1

Conversion from Radiances to brightness temperaturéGieske et al., 2005)
The formula below is used to convert the radiances to brightness temperatures for
MSG satellite:

Cv3

c

T, = | Cyv,/log +1|-B|/4

Where ;€1.19104 10-5 mW m-2 sr-1(cm-1)-4
&= 1.43877 K (cm-1)-1
v, = central wavenumber of the channel
A, B coefficients (see table below)

Values for the central wavenumber (in‘Bmand the parameters A, and B (in K) for
the thermal infrared MSG SEVIRI channels used in the equation.

Channel No Channd ID V¢ A B
04 IR3.9 2569.094 0.9959 3.471
05 WV6.2 1598.566 0.9963 2.219
06 WV7.3 1362.142 0.9991 0.485%
07 IR8.7 1149.083 0.9996 0.181
08 IR9.7 1034.345 0.9999 0.060
09 IR10.8 930.659 0.9983 0.62y7
10 IR12.0 839.661 0.9988 0.39Y
11 IR13.4 752.381 0.9981 0.576
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Appendix 2

Tests and training of the algorithm to determine the thresholds

Night (Solar zenith angle >96)

0] Actual fire
dTs oMz 0umitf1(Siz.oum)
Tait >Mair +F2 (Suir)
(iv) Probable fire
d T3 gur My opmitTa(Sya.oum) <Mz aumitf1(Sa.oum)
Tait > Mt +a(Sair) <muir +2(Sair)
Thresholds Producer’s User's

fi fo fa f, | accuracy (%) | accuracy (%)
15 3 0 0 18.5 96.6
1 1 0 0 15.9 92.3
15 1.5 0 0 16.6 96.2
2 2 0 0 17.2 96.3
15 2 0 0 17.9 96.4
2 3 0 0 17.9 93.1
2.5 2.5 0 0 17.2 92.8
2.5 3 0 0 17.9 96.4
1 3 0 0 19.2 100
15 1.5 1 1 17.9 96.4
2 2 1 1 17.2 96.2
2.5 2.5 1 1 16.6 96.1
3 3 1 1 16.6 100
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Appendix 3

Tests and training of the algorithm to determine the thresholds

0] Actual fire

(i) Probable fire

dT3 o Myz.oumytT1(Sysz.0um)

Tair >Myir +F2 (Suir)

d T3 gur My opmitTa(Sya.oum) <Mz aumitF1(Sa.opum)

Day (Solar zenith angle <79

Tait > Mair +Fa(Sair) <Mair H2(Suir)

Thresholds Producer’s User's
fi fs fa fa accuracy accuracy

(%) (%)

15 1.5 1 1 22.1 69.8

2 2 1 1 19.9 61.4

3 3 1 1 20.5 63.6

25 3 2 25| 221 85.7

3 3 15 15| 191 74.3

25 25 2 2 22.1 71.4

4 4 2 2 17.6 85.7

2.5 2.5 15 15| 221 71.4

4 5 2 25| 14.0 90.4

4 5 3 3 11.0 93.8

5 5 3.5 35| 11.8 84.2

4 5 2.5 3 11.8 84.2
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Appendix 4

Tests and training of the algorithm to determine the thresholds
Twilight conditions (Solar zenith angle >70 and <90)
Linear interpolation

0] Actual fire
dT3 o Myz.oumytT1(Sys.0um)
Tair >Myit +2 (Suir)
(i) Probable fire
d T3 0umMya.0umit3(Siz.oum) <Mz opmit f1(Siz.oum)
Tair > Mt +Fa(Sair) <Mair +F2(Suir)

L O x)(w = va)

Y=Ya

(% —x,)

Forfi x=90 Forf x,=90
¥=70 ¥=70
y=0 y=0
V=2 v.=2.F

Fort x,=90 For f, x,= 90
¥=70 ¥=70
=1 ¥=3

w.=2.E vi.=3




Appendix 5

Sensitivity analysis for determining the size of fires that can be detected by the
algorithm.

Size of Producer’s User's Overall Accuracy
fires accuracy (%) | accuracy (%) (%)
> 225 37.1 83.7 34.6
>45.0 37.8 83.1 35.1
>67.5 39.9 79.4 36.2
>90.0 43.6 78.3 38.9
>112.5 44.2 76.3 39.2
>135.0 45.8 76.3 40.1
>157.5 44.8 4.7 38.9
>180 44.4 74.1 38.4

Appendix 6

Tests and training of the algorithm to determine the thresholds (with C@
correction)

Night (Solar zenith angle >96)
0] Actual fire
dTs oMz oumitf1(Siz.oum)
Tait >Mair +2 (Suir)
(v) Probable fire
d T3 0umMya.0umit3(Siz.0um) <Mz opmit f1(Siz.oum)
Tair > Myt +Fa(Sair) <Mair +F2(Suir)

Thresholds Producer’s User's
fi fs f3 fa accuracy (%) | accuracy (%)
55 6.0| 45| 45 28.4 44.7
6.0 | 65| 5.0 5.0 27.0 46.5
6.0 | 75| 55| 55 27.0 47.6
70 | 75| 6.0/ 6.5 25.6 52.8
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Appendix 7

Tests and training of the algorithm to determine the thresholds (with C@
correction)

Day (Solar zenith angle <%0

0] Actual fire
dT3 o Myz.oumytT1(Sys.0um)
Tair >Myit +2 (Syir)
(vi) Probable fire
d T3 0umMyz.oumit3(Sia.oum) <Mz opmit f1(Siz.oum)
Tair > Mt +Fa(Sair) <Mair +F2(Suir)

Thresholds Producer’s User's
fi fs fa fy accuracy (%) | accuracy (%)
2.5 3 20| 25 50.0 60.7
30 | 35| 25| 3.0 47.3 68.6
35 | 40| 3.0 35 41.9 68.9
4.0 45| 35| 4.0 40.5 85.7

Appendix 8

Times for validation (Using ground data from Portugal)
CO, correction and no correction GGorrection

Date Time UTC
06/09/07 and 0130-0300
07/09/07 1200-1300
1730-1830
1930-2030

Multi-temporal algorithm and MSG FIRG product

Date Time UTC

06/09/07 0130-0230
1730-1830
1930-2030

07/09/07 0130-0230
0630-0730

1200-1300
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Appendix 9
Accuracy assessment of the algorithms using ground data from Portugal

(a) Error Matrix for multi-temporal threshold algorithm, when it was individually

assessed
Ground data
Fire Yes No Total
Fire map Yes 27 7 34

No 27
Total 54

(b) Error Matrix for contextual algorithm (MSG FIRG product), when it was
individually assessed

Ground data
Fire Yes No Total
Fire map Yes 2 0 2

No 52
Total 54

(c) Frequency of two alternative methods (multi-temporal threshold algorithm and
contextual threshold algorithm (MSG FIRG product)) compared against single
reference data set from Portugal

Ground truth Multi-temporal MSG FIRG product Frequency
threshold (Contextual algorithm)
algorithm

Fire Fire Fire 5

Fire Fire No fire 22

No fire No fire Fire 0

Fire No fire Fire 2

No fire Fire No fire 7

Fire No fire No fire 25

No fire Fire Fire 0
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Appendix 10

Accuracy assessment of the multi-temporal algorithms (with and withou€O,
correction) using ground data from Portugal

(a) Error Matrix for Multi-temporal threshold algorithm without £€drrection,

when it was individually assessed

Fire map

Ground data
Fire Yes No Total
Yes 32 20 52
No 30 H
Total 62

(b) Error Matrix for Multi-temporal threshold algorithm with €€brrection, when
it was individually assessed

Fire map

Ground data
Fire Yes No Total
Yes 30 179 209
No 32
Total 62

(c) Frequency of two alternative methods (multi-temporal threshold algorithms
(without CG correction and one with G@orrection) compared against single
reference data set (Ground data from Portugal)

Ground truth | Multi-temporal Multi-temporal  threshold Frequency
threshold algorithm algorithm with  CO,
without CO, correction | correction

Fire Fire Fire 27

Fire Fire No fire 5

No fire No fire Fire 179

Fire No fire Fire 3

No fire Fire No fire 20

Fire No fire No fire 27

No fire Fire Fire 0
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Appendix 11
Accuracy assessment of MODIS fire product

Error Matrix for MODIS fire product with reference to ground data from Portugal

Ground data
Fire Yes No Total
MODIS Fire | Yes 134 57 191

product No 75
Total 209

Appendix 12
Accuracy assessment of the algorithms using MODIS fire product

(a) Error Matrix for Multi-temporal threshold algorithm without £¢orrection, it
was individually assessed

MODIS fire product
Fire Yes No Total
Multi-temporal threshold Yes 1536 76 1612

algorithm without CO, | No 516
correction Fire map Total 2052

(b) Error Matrix for contextual algorithm (MSG FIRG product), when it was
individually assessed

MODIS fire product
Fire Yes No Total
MSG FIRG product Yes 248 4 252

No 1804
Total 2052
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(c) Frequency of two alternative methods (multi-temporal threshold algorithm and
contextual threshold algorithm (MSG FIRG product) compared against single
reference data set (MODIS fire product)

MODIS Multi-temporal MSG FIRG Product Frequengy
threshold algorithm
without CO2 correction

Fire Fire Fire 242
Fire Fire No fire 1294
No fire No fire Fire 2
Fire No fire Fire 6

No fire Fire No fire 74
Fire No fire No fire 510

No fire Fire Fire 2
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Appendix 13
Create_solarzenithangles_maps (ILWIS script)

Rem: Calculate satellite, sun zenith angle and sun elevation / illumination condition,
for MSG projection

Rem: The output georeference should be avaialble, first import using the data
retriever the required MSG images

Rem: Made by: Tawanda Manyangadze

Rem: Date: 10-02-09

Rem: Version: 1.1 for actvive fire detection algorithm version 1.1

Rem: Call external batch file, called generate angles.bat
Igenerateangles.bat %1 %2 %3 %4

copy sunzen*.* solzen

solzen:=map('solzen',genras,Convert,378,0,Real,4,SwapBytes)

setgrf solzen.mpr %5

Rem: Resampl solar zenith angles

solzen_r=MapResample(solzen.mpr,%60000.grf,BiCubic)

Rem: Give the undefined pixels (above 90) a value of 90.1 so that they can be
assigned a threshold value

solzen_re:=ifundef(solzen_r,90.1,solzen_r)

/Ishow solzen_re.mpr

closeall

Input parameters

%1 — Year
%2 — Month
%3 — Day

%4 — Time (UTC)
%5 — Output georeference
%6 - Input map list georef name prefix (for resampling angle map)

generateangles.bat - is a Java Applet developed at ITC to calculate angles for sun
and MSG satellite.
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Appendix 14
Active_fire_detection_algorithm_v1.1 (ILWIS script)
REM: Multi-temporal algorithm for active fire detection for near-real time
monitoring using geostationary algorithm
REM: Made by: Tawanda Manyangadze
REM: Version: 1:1 (no use of cloud mask)
REM: Date: 10-02-09

/[Creating a map list of the images of day -1 to -9 in IR3.9 channel

crmaplist b0_39 %90000_band_1.mpr %90000_band_2.mpr %90000_band_3.mpr
%90000_band_4.mpr  %90000_band_5.mpr %90000_band_6.mpr
%90000_band_7.mpr %90000_band_8.mpr %90000_band_9.mpr

/[Average temperature the past 9 days
Avg 039 9=MapMaplistStatistics(b0_39.mpl, Avg, 0, 8)

//[Remove anomalies in the past 9 days
b1l 039.mpl = maplistcalculate("iff(@1>(Avg_039_9-3),@1,0)",0,8,b0_39.mpl)
calc b1_039.mpl

b2_039.mpl = maplistcalculate("iff(@1<(Avg_039_ 9+3),@1,0)",0,8,b1_039.mpl)
calc b2_039.mpl

/[Count- Removing all the days with anomalies in the past 9 days-assigned 0 in the
previous operation

b2_039_count = maplistcalculate("iff(@1>0,@1,?)",0,8,b2_039.mpl)

calc b2_039_count.mpl

count_b2 039 = MapMaplistStatistics(b2_039_count.mpl, Cnt, 0, 8)

/IAverage temperature without the anomalies for the past 9 days
sum_b2_ 039 = MapMaplistStatistics(b2_039.mpl, Sum, 0, 8)

Avg b2 039 = sum_b2 039/count_b2 039
/I Difference between IR3.9 and IR 10.8

/ICreating a map list of the images of day -1 to -9 in IR10.8 channel
crmaplist b_108 %90001_band_1.mpr %90001_band_2.mpr %90001_ band_3.mpr
%90001 band_4.mpr  %90001_ band_5.mpr %90001_band_6.mpr
%90001_band_7.mpr %90001_band_8.mpr %90001_band_9.mpr
calc b_108.mpl

//[Remove anomalies in the past 9 days
b2_108.mpl = maplistcalculate("iff(@1>0,@2,0)",0,8,b2_039.mpl,b_108.mpl)
calc b2_108.mpl
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b2 _count_108 = maplistcalculate("iff(@1>0,@1,?)",0,8,b2_108.mpl)
calc b2_count_108.mpl

//IR3.9-IR10.8
diff_1 = maplistcalculate("@1-@2",0,8,b2_039.mpl,b2_108.mpl)
calc diff_1.mpl

//Average difference between IR3.9 and IR10.8 (without anomalies) for
previous 9 days
sum_diff = MapMaplistStatistics(diff_1.mpl, Sum, 0, 8)

Avg_diff = sum_diff/count_b2_039

/IStandard deviation of IR3.9 channel

/lIR3.9 - average (x-m)
std_039_1.mpl = maplistcalculate("@1-Avg_b2_039",0,8,b2_039_count.mpl)
calc std_039_1.mpl

//IR3.9 - average squared (x-m)2
std_039_2.mpl = maplistcalculate("@1”2",0,8,std_039_1.mpl)
calc std_039_2.mpl

//[Remove the anomalies
std_039_3.mpl =
maplistcalculate("iff(@1>0,@2,@1)",0,8,b2_039.mpl,std_039_2.mpl)
calc std_039_3.mpl

/ISum (x-m)2
sum_std_039 = MapMaplistStatistics(std_039_3.mpl, Sum, 0, 8)

/[Standard deviation IR3.9
std_039 = SQRT(sum_std_039/count_b2_039)

/IStandard deviation for IR3.9-IR10.8

/IDifference without anomalies
diff_2.mpl = maplistcalculate("@1-@2",0,8,b2_039_count.mpl,b2_count_108.mpl)
calc diff_2.mpl

/IDifference - average diff (x-m)
std_dif_1.mpl = maplistcalculate("@1-Avg_diff",0,8,diff_2.mpl)
calc std_dif_1.mpl
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/IDifference - average diff squared (x-m)2
std_dif_2.mpl = maplistcalculate("@1"2",0,8,std_dif_1.mpl)
calc std_dif_2.mpl

//[Remove the anomalies
std_dif_3.mpl = maplistcalculate("iff(@1=0,@1,@?2)",0,8,diff_1.mpl,std_dif 2.mpl)
calc std_dif_3.mpl

//Sum (x-m)2
sum_std_dif = MapMaplistStatistics(std_dif _3.mpl, Sum, 0, 8)

//Standard deviation IR3.9
std_dif= SQRT(sum_std_dif/count_b2_039)

/[Thresholds
/I Temperature for the 10th day which is day 1 in this analysis. If temperature in
IR3.9 channel is less than in IR10.8 there is no possibility of fire
tmp_039_10=iff(%90000_band_10>%90001_band_10,%90000_band_10,?)

/IDifference IR3.9 - IR10.8 for day 1
dif_1_10=%90000_band_10-%90001_band_10

//[Remove clouds on the difference and negative difference mean no fire so should
be removed
dif_2_10=iff(dif_1_10>0,dif 1 10,?)

/[To calculate f1
solzen_1= iff(solzen_re<70,%2,solzen_re)
solzen_2= iff((solzen_1>70)and(solzen_1<90),%1+(((solzen_1-90)*(%2-%1))/(70-
90)),solzen_1)
solzen_3= iff(solzen_2>90,%1,solzen_2)
/Ishow solzen_3

/[To calculate 2

solzen_4= iff(solzen_re<70,%4,so0lzen_re)

solzen_5= iff((solzen_4>70)and(solzen_4<90),%3+(((solzen_4-90)*(%4-%3))/(70-
90)),solzen_4)

solzen_6= iff(solzen_5>90,%3,solzen_5)

/Ishow solzen_6

/[To calculate 3

solzen_7= iff(solzen_re<70,%6,s0lzen_re)

solzen_8= iff((solzen_7>70)and(solzen_7<90),%5+(((solzen_7-90)*(%6-%5))/(70-
90)),solzen_7)

solzen_9= iff(solzen_8>90,%5,solzen_8)
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/Ishow solzen_9

/[To calculate f4

solzen_10= iff(solzen_re<70,%8,solzen_re)

solzen_11= iff((solzen_10>70)and(solzen_10<90),%7+(((solzen_10-90)*(%8-
%7))/(70-90)),s0lzen_10)

solzen_12= iff(solzen_11>90,%7,solzen_11)

/Ishow solzen_12

/[Fires in IR3.9 channel
fires_039=iff(tmp_039_10>Avg b2 039+solzen_3*std_039,tmp_039 10,?)

/IFires (using the difference between IR3.9 and IR10.8)
fires_dif=iff(dif_2_10>(Avg_diff+solzen_6*std_dif),dif 2_10,?)

/IFires combined IR3.9 and the difference between IR3.9 and IR10.8
fires_1=iff((fires_039>Avg_ b2 039+solzen_9*std_039)and(fires_dif>Avg_diff+sol
zen_12*std_dif),1,0)

fires 2=iff((fires_039<Avg_b2 039+solzen_9*std_039)and(fires_dif<Avg_diff+sol
zen_12*std_dif),1,0)

fires_all=iff(fires_1=1,2,iff(fires_2=1,1,7))

I/l The average and standard deviation of the past 3 days may give the
approximate background temperature without the anomalies
fires_final=iff(count_b2 039>2 fires_all,?)
show fires_final.mpr

Input Parameters

%1 — First threshold nights]

%2 — First threshold daysj

%3 — Second threshold nighf)(

%4 — Second threshold d&y)(

%5 — Third threshold night.}

%6 — Third threshold day.,j

%7 — Fourth threshold nighf)

%38 — Fourth threshold daf)

%9 — Input map list name prefix (default ‘m’)

These are set as defaults in the script anfiatues refer to results section 4.1.2
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Appendix 15
Active_fire_detection_algorithm_v1.2 (ILWIS script)

REM: Multi-temporal algorithm for active fire detection for near-real time
monitoring using geostationary algorithm

REM: Made by: Tawanda Manyangadze

REM: Version: 1:2 (with use of cloud mask)

REM: Date: 10-02-09

/[Creating a map list of the images of day -1 to -9 in IR3.9 channel

crmaplist b0_39 %90000_band_1.mpr %90000_band_2.mpr %90000_band_3.mpr
%90000_band_4.mpr  %90000_band_5.mpr %90000_band_6.mpr
%90000_band_7.mpr %90000_band_8.mpr %

90000_band_9.mpr

/[Average temperature the past 9 days
Avg 039 9=MapMaplistStatistics(b0_39.mpl, Avg, 0, 8)

//[Remove anomalies in the past 9 days
b1l _039.mpl = maplistcalculate("iff(@1>(Avg_039_9-3),@1,0)",0,8,b0_39.mpl)
calc b1_039.mpl

b2_039.mpl = maplistcalculate("iff(@1<(Avg_039_9+3),@1,0)",0,8,b1_039.mpl)
calc b2_039.mpl

/ICount- Removing all the days with anomalies in the past 9 days-assigned 0O in the
previous operation

b2 039 count = maplistcalculate("iff(@1>0,@1,?)",0,8,b2_039.mpl)

calc b2_039_count.mpl

count_b2 039 = MapMaplistStatistics(b2_039_count.mpl, Cnt, 0, 8)

/[Average temperature without the anomalies for the past 9 days
sum_b2_ 039 = MapMaplistStatistics(b2_039.mpl, Sum, 0, 8)

Avg b2 039 = sum_b2 039/count_b2 039
/I Difference between IR3.9 and IR 10.8

/ICreating a map list of the images of day -1 to -9 in IR10.8 channel
crmaplist b_108 %90001_band_1.mpr %90001_ band_2.mpr %90001_ band_3.mpr
%90001_band_4.mpr  %90001_band_5.mpr %90001_band_6.mpr
%90001_band_7.mpr %90001_band_8.mpr %90001_band_9.mpr
calc b_108.mpl
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//[Remove anomalies in the past 9 days
b2_108.mpl = maplistcalculate("iff(@1>0,@2,0)",0,8,b2_039.mpl,b_108.mpl)
calc b2_108.mpl

b2_count_108 = maplistcalculate("iff(@1>0,@1,?)",0,8,b2_108.mpl)
calc b2_count_108.mpl

//IR3.9-IR10.8
diff_1 = maplistcalculate("@1-@2",0,8,b2_039.mpl,b2_108.mpl)
calc diff_1.mpl

l/Average difference between IR3.9 and IR10.8 (without anomalies) for
previous 9 days
sum_diff = MapMaplistStatistics(diff_1.mpl, Sum, 0, 8)

Avg_diff = sum_diff/count_b2_ 039
/IStandard deviation of IR3.9 channel

/IR3.9 - average (x-m)
std_039_1.mpl = maplistcalculate("@1-Avg_b2 039",0,8,b2_039 count.mpl)
calc std_039_1.mpl

//IR3.9 - average squared (x-m)2
std_039_2.mpl = maplistcalculate("@1”2",0,8,std_039_1.mpl)
calc std_039_2.mpl

//[Remove the anomalies
std_039_3.mpl=
maplistcalculate("iff(@1>0,@2,@1)",0,8,b2_039.mpl,std_039_2.mpl)
calc std_039_3.mpl

//Sum (x-m)2
sum_std_039 = MapMaplistStatistics(std_039_3.mpl, Sum, 0, 8)

/IStandard deviation IR3.9
std_039 = SQRT(sum_std_039/count_b2_039)

/IStandard deviation for IR3.9-IR10.8

/[Difference without anomalies
diff_2.mpl = maplistcalculate("@1-@2",0,8,b2_039_count.mpl,b2_count_108.mpl)
calc diff_2.mpl

/IDifference - average diff (x-m)
std_dif_1.mpl = maplistcalculate("@1-Avg_diff",0,8,diff_2.mpl)
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calc std_dif_1.mpl

/IDifference - average diff squared (x-m)2
std_dif_2.mpl = maplistcalculate("@1"2",0,8,std_dif_1.mpl)
calc std_dif_2.mpl

//[Remove the anomalies
std_dif_3.mpl = maplistcalculate("iff(@1=0,@1,@2)",0,8,diff_1.mpl,std_dif 2.mpl)
calc std_dif_3.mpl

//Sum (x-m)2
sum_std_dif = MapMaplistStatistics(std_dif _3.mpl, Sum, 0, 8)

/IStandard deviation IR3.9
std_dif= SQRT(sum_std_dif/count_b2_039)

/[Thresholds

/I Temperature for the 10th day which is day 1 in this analysis. If temperature in
IR3.9 channel is less than in IR10.8 there is no possibility of fire
tmp_039_1=iff(%90000_band_10>%90001 band_10,%90000_ band_10,?)

//[Remove Clouds on the 10th day
tmp_39_10=tmp_039_1*CLM

tmp_039_10=iff(tmp_39_10>0,tmp_39_10,?)

/IDifference IR3.9 - IR10.8 for day 1
dif 1_10=%90000_band_10-%90001_band_10

//IRemove clouds on the difference
dif 2 1=dif 1 10*CLM

/I Negative difference mean no fire so should be removed
dif_2_10=iff(dif_2_1>0,dif 2_1,?)

/[To calculate f1
solzen_1= iff(solzen_re<70,%2,solzen_re)
solzen_2= iff((solzen_1>70)and(solzen_1<90),%1+(((solzen_1-90)*(%2-%1))/(70-
90)),solzen_1)
solzen_3= iff(solzen_2>90,%1,solzen_2)
/Ishow solzen_3

/[To calculate f2
solzen_4= iff(solzen_re<70,%4,solzen_re)
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solzen_5= iff((solzen_4>70)and(solzen_4<90),%3+(((solzen_4-90)*(%4-%3))/(70-
90)),solzen_4)

solzen_6= iff(solzen_5>90,%3,solzen_5)

/Ishow solzen_6

/[To calculate 3

solzen_7= iff(solzen_re<70,%6,solzen_re)

solzen_8= iff((solzen_7>70)and(solzen_7<90),%5+(((solzen_7-90)*(%6-%5))/(70-
90)),solzen_7)

solzen_9= iff(solzen_8>90,%5,solzen_8)

/Ishow solzen_9

/[To calculate f4

solzen_10= iff(solzen_re<70,%8,solzen_re)

solzen_11= iff((solzen_10>70)and(solzen_10<90),%7+(((solzen_10-90)*(%8-
%7))/(70-90)),so0lzen_10)

solzen_12= iff(solzen_11>90,%7,solzen_11)

/Ishow solzen_12

/[Fires in IR3.9 channel
fires_039=iff(tmp_039_10>Avg b2 039+solzen_3*std_039,tmp_039 10,?)

/IFires (using the difference between IR3.9 and IR10.8)
fires_dif=iff(dif 2 10>(Avg_diff+solzen_6*std_dif),dif 2 10,?)

/IFires combined IR3.9 and the difference between IR3.9 and IR10.8
fires_1=iff((fires_039>Avg b2 039+solzen_9*std_039)and(fires_dif>Avg_diff+sol
zen_12*std_dif),1,0)

fires_2=iff((fires_039<Avg_b2 039+solzen_9*std_039)and(fires_dif<Avg_diff+sol
zen_12*std_dif),1,0)

fires_all=iff(fires_1=1,2,iff(fires_2=1,1,7))

I/l The average and standard deviation of the past 3 days may give the
approximate background temperature without the anomalies
fires_final=iff(count_b2 039>2 fires_all,?)
show fires_final.mpr

Input parameters

%1 — First threshold nighta
%2 — First threshold days]

%3 — Second threshold nighf)(
%4 — Second threshold d&y)(
%5 — Third threshold night.}
%6 — Third threshold day,j
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%7 — Fourth threshold nighft,)
%8 — Fourth threshold dafz)
%9 — Input map list name prefix (default ‘m’)

These are set as defaults in the script anfiatues refer to results section 4.1.2

Appendix 16
CLM_processing (ILWIS script)

REM: Cloud mask processing
CLM_1=MapResample(%1,%20000.grf,BiCubic)
CLM=iff(CLM_1=1,1,0)

closeall

Input Parameters
%21 — Cloud mask file name
%2 — Georeference prefix name
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