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Abstract

Forests, as one of the most important natural resources in the world, are facing several
challenges due to human activities and climate changes. The timely detection of forest fires
plays an essential role in managing this wealth. Despite several well-developed fire detection
methods, the detection of fires in early hours is still challenging. In this paper, we developed a
new near-real-time hybrid method for fire detection that has high sensitivity to small and cold
forest fires as well as less rate of false alarms. This method is based on detecting of both spatial
and temporal changes. The change detection technique was used, and the identification of fire
pixels was performed in the area with a significant change compared to the previous time. Since
most of the false fire pixels had almost the same temperature in the images, they were masked.
This mask allowed us to reduce the fire thresholds that lead to detect small fires. Furthermore,
the omission and commission errors were minimized. This algorithm was applied to forty case
studies in the north of Iran. The identified fire pixels were validated with ground observations
collected by The Forests, Range and Watershed Management Organization (FRWMO) of Iran.
Results show that the proposed algorithm was able to detect small and cool-case fires

efficiently.

Keywords: Change Detection, Environment Management, Fire Detection, MODIS,
Remote Sensing.
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1. Introduction

The Moderate Resolution Imaging Spectroradiometer (MODIS) is an instrument on the Terra
and Aqua satellites which observes the Earth's surface every 1-2 days in 36 spectral bands.
Instrument proficiency has been emphasized since the launch, and several fire detection methods
based on MODIS imagery were proposed. These algorithms are mostly dependent on spatial hot
spot detection using thermal infrared (TIR) bands.

Despite several algorithms for detecting fire, much remains to be considered to monitor the fire
precisely. Kaufman et al. developed a MODIS algorithm for fire detection that set different
thresholds for fires (Kaufman et al. 1998). Giglio et al. improved several aspects of this
algorithm and proposed a contextual fire detection algorithm that has high sensitivity in
detecting fire pixels (Giglio et al. 2003). MODIS Collection 4 Active Fire Products are based
on this algorithm. Subsequently, this algorithm has been used in many studies (e.g., Chuvieco
et al. 2008; Li et al. 2000; Cheng et al. 2013). For instance, Cheng et al. evaluated the MODIS
product in the Yucatan Peninsula. They realized that omission errors were mainly caused by
the potential fire threshold and reduced the daytime threshold to 305 K (Cheng et al. 2013).
Moreover, examining the firing thresholds in the southeastern United States indicated that some
fire pixels had brightness temperatures below the daytime potential fire threshold (Wang et al.
2006).

Consequently, Giglio et al. developed an enhanced algorithm for fire detection that overcomes
some limitations in the previous algorithm (Giglio et al. 2016). In this algorithm, they identified
areas that are susceptible to fires and reduced thresholds in these areas. The results indicated
that this new fire detection algorithm had been improved compared to the previous one, with
lower omission errors and false alarms. MODIS Collection 6 Active Fire Products are based
on this developed algorithm. This algorithm has shown an efficient performance in several
cases e.g. Furnacca et al. (2017); Abdollahi et al. (2018).

Wang used smoke bands and performed fire detection in the smoke area based on the smoke
transmission radius. This algorithm can detect small and cold fires, especially at large scan
angles, but it has a limitation in the non-smoke fire areas (Wang et al. 2009).

Although the efficient performance of the Giglio algorithm, still there are some limitations in
detecting small fires. In the current study, we proposed a new forest fire detection algorithm
based on Giglio et al., algorithm and change detection technique that could detect small fires

with more accuracy.
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2. Study area and data set
2.1. Study area

About 8%, or nearly 12.4 million hectares, of the total area of Iran, is covered by forests. Every
year, there are devastating fires in Iran that damage the forest resources. The losses caused by
forest fires are irrecoverable. The season of fire varies depending on humidity, wind, location
and climatic conditions. In the northern part of Iran, we have most fires from August to the end
of December. While most fires in the eastern part of the country happen in summer and winter.
Golestan forest is located next to the Caspian Sea area. It has the most critical forest fields.
Fifty-two fires were reported there in 1998. Based on (Ardakani et al. 2011.), 86.21% of the
fires detected by MODIS images occurred in cropland, grassland, and plain regions. Most of
these fires have occurred in the eastern regions of the Caspian Sea. So we concentrated on this

area.

2.2. Satellite data

The remote sensing data that used in this study consisted of MODIS Level 1B Radiance product
(MODO021/MYDO021) and the geolocation dataset (MODO03/MYDO03). These data were
obtained from the Earth Observing System Data Gateway, Land Processes Distributed Active
Archive Centre (DAAC). The fires information was collected by The Forests, Range and
Watershed Management Organization (FRWMO) of Iran and used to evaluate the results. Each
forest fire case contains information on the initial and extinguishing time, location, and
damaged area. The MODO03 was used to georeference the MODO021 Images. The atmospheric
correction was performed using Flash software. Then the ‘‘bowtie’” effect or overlap between
MODIS scans corrected by the Wen algorithm (Wen et al. 2008). Later the radiances were
converted to brightness temperatures by Planck's Radiation Law. Then, in order to reduce the
stripping error, the de-striping tools in ENVI were used. Furthermore, the steps of the algorithm

were done and then results validated with ground data.

3. Proposed Algorithm

In the proposed algorithm, based on the maximum sensitivity, MODIS 3.9 and 11 pm channels
were used to detect fire pixels in images. These channels are denoted by T3.9 and T11. The
250-1000 m resolution red and near-infrared channels were used to mask clouds, water and
calculation of the Normalized Difference Vegetation Index (NDVI) index.

Our algorithm reached to high accuracy in four steps: first, masked out the water pixels based

on the NDVI index. Second, removed the pixels which cause false alarms in boundaries by
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using dilation and closing morphological operation. Third, applied the change mask, which was
performed, based on the pixel temperature difference of two consecutive images. This phase
had a considerable enhancement in detecting small fires because it allowed reducing the fire
thresholds. Finally, excluded the phase of false alarm rejection that removed some of the small
and cold fires. The change mask phase removed most of the false alarm pixels due to the same
situation of them in both images without omitting small fire pixels. The procedure of the

proposed fire detection algorithm is described below.

3.1. Cloud and Water Masking

In this phase, channels 1, 2, 31 and 32 were used for the identification of cloud pixels. The

pixel that satisfies the following tests is considered as cloudy pixels (Giglio et al. 2003.):
(Poss + Poss > 0.9) or (T,<265K) or  (Poes + Poss > 0.7) and (T, < 285 K)

For the night image:

T12<265K

False alarms appeared in the cloud boundaries due to the low potential fire threshold.
Accordingly, the dilation and closing of morphological operations were applied to the cloud
mask to remove the cloud edge and gaps. Then, a water mask based on the NDVI index was
performed on the images. Pixels with NDVI < 0.05 were considered as water pixels.

NIR -R
NIR +R

NDVI=

3.2. Change Detection

Change detection is a technique to determine those pixels on images that have changed
compared to the previous ones. Various environmental factors can change different aspects of
pixels. This technique defines a threshold value to identify areas of “change” and “no change”
pixels in the image.

In the proposed method, fire detection was performed on the pixels with noticeable brightness
temperature changes over time that was recognized by a preliminary classification based on
change detection. "No change" pixels are non-fire pixels, even if they have a high temperature,
like hot desert pixels. In this phase, a change mask was applied to thermal bands between two
images. Pixels with lower-threshold temperatures were classified as non-fire pixels. This
threshold, which is denoted by Td is set dynamically based on the average temperature

difference of two images:
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T2-T,!
3
This mask eliminated the pixels with small changes in brightness temperature. Many of pixels

T, =

that constructed commission errors in previous works were removed at this stage because they
almost had the same situation in both images. As a result, fire detection was applied to the

pixels that have changed in thermal bands over time.

3.3. Detection of Fire Pixels

There are three logical stages through which fire pixels can be identified; i) detection of
potential fire pixels, ii) absolute test, and iii) relative test. In the first step, a daytime pixel was
identified as a potential fire pixel if T3.9> Td1, T3.9-T11> Td2 and p g, <0.3.

Thresholds are identified based on Tdl and Td2. They set dynamically according to the
brightness temperature of the pixels in the image. This way was suggested by (Zhukov et al.
2006). They calculated the thresholds based on the following equations:

Tdl = average (Ts0); + 5K

Td2 = average(T3.9 —T11); + 5k
Where j is the sample position in the range of (0<j<1353). The pixels that passed these tests
were classified as potential-fire pixels and considered in some tests to detect active fire pixels
and those remained pixels were considered as non-fire pixels.
In the second step, the pixels containing active fires were identified. This threshold was set to

the value 360/320 for day-/night-time, respectively (Kaufman et al. 1998).

T, >360K

T,>320K )

In the third phase, after detecting the spatial thermal variations, the relative tests were applied.
The pixels around the potential fire pixel were used to estimate the background value. Within
a window, the valid pixels are defined as those pixels which are located on the ground, do not

contain cloud and subject to the following conditions:

T3.9<315 K or T3.9-T11<9.5 K for daytime, and T3.9<305 K or T3.9-T11>9.5 K for
nighttime. Notably, we reduced the thresholds of this stage compared to (Giglio et al. 2003).
The window starts as a 3x3 pixel and is maximized to 10x10 pixels as needed. In the conditions
that at least four of the valid neighboring pixels could be identified, some measures were
calculated. A summary of this process is presented in Table 1.
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Tablel. Summary of the background pixels parameters (Giglio et al. 2003)

Parameter Description
'I'_4 mean of T3.9 for the valid neighboring pixels
S, mean absolute deviation of T3.9 for the valid neighboring pixels
TI mean of T11 for the valid neighboring pixels
2 mean absolute deviation of T11 for the valid neighboring pixels
'K mean of T3.9—T11 for the valid neighboring pixels
St mean absolute deviation of T3.9-T11 for the valid neighboring pixels

In the relative tests, both the 3.9 um brightness temperature (T73.9) and the 3.9 and 11 um
brightness temperature difference (AT) was used. Relative thresholds were determined based

on the natural changes in the background. These tests are defined as follows:

AT > AT + 3.50,7 (2)

AT > AT+ 6K  (3)

T, >T,+ 30, 4)

Ty, >Ty +011 (5)

011 > 5k (6)

A daytime pixel is classified as a fire pixel if (test (1) is true) or (tests (2)-(4) are true and one
of the tests of (5) or (6)). Otherwise, it is classified as non-fire.

A night-time fire pixel is classified as fire if test (1) is true or tests (2)-(4) are true; otherwise,
it is classified as non-fire (Giglio et al. 2003).

The schematic illustration of the proposed algorithm is shown in Fig. 1.
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Fig. 1. Flowchart of the proposed fire detection algorithm

4. Result and Discussion

In this paper, we proposed a new hybrid fire detection method based on both spatial and
temporal changes. Fuel type and weather conditions have a significant influence on
predisposing an area. Consequently, some improvements must be made for small fire detection
on a regional scale and the potential fire threshold should be defined low enough. However, a
lower threshold may increase the number of false alarms. Moreover, the false alarm rejection
step in Giglio et al. algorithms eliminates some small fires as well.

To date, most of the exiting omission error reduction techniques increase commission errors

and conversely, furthermore the fire detection algorithms are mostly based on analyzing the
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spatial variation. While investigating temporal variation can significantly enhance the accuracy
of detection of fire pixels. In our work, this point was considered. It can be seen clearly that
when a fire occurs in some pixels, their temperature has been changed significantly compared
to the previous times. So a change mask was exploited in the proposed algorithm, and fire
pixels were detected among the pixels that had a temperature variation. In particular, the
proposed algorithm looks for a pixel that is hotter than both its neighborhoods and itself over
time. This technique removed most of the false alarms without deleting fire pixels.
Furthermore, this step had a significant enhancement for the small fire detection because the
fire thresholds could be reduced without increasing the number of false alarms, and both
commission and omission errors were minimized.

This algorithm was applied to forty case studies in the eastern regions of the Caspian Sea and
validated by data collected by the Forests, Range and Watershed Management Organization
(FRWMO) of Iran. The number of false alarms before and after applying the change mask for

each case study is shown in Fig. 2.

41 40 35 38 37 36 35 34 33 32 31 30 29 28 27 26 25 24 23 22 21 20 19 18 17 16 15 14 13 12 11 10 9 8 7 6 5 4 3 2 1
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Fig. 2. Number of false alarms before and after change mask for each case study

As an example, the number of false alarms for the first and second images is presented in

table 2.

Table. 2. Effect of each mask on the number of false alarms in the first and second case study

Before applying the mask After applying the mask
Imagel 97 47
Water Mask
Image2 51 24
Imagel 47 0
Change Mask
Image?2 24 1
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The proposed algorithm detected 39 fires of case studies and some false alarms. Next, the
Giglio algorithm was applied to these fire images. This algorithm only traversed 32 cases;
furthermore, the number of false alarms was less than the proposed algorithm in 15 cases. In
these cases, the second image was checked out, and by replacing the more appropriate one, the
number of false alarms was decreased. The probability of fire detection in the proposed
algorithm is strongly dependent on the condition of the second image. Different images as the
second image with different time intervals were used. Results demonstrate that when the time
interval between the two images in the change mask was increased, the number of false alarms
was grown up. Consequently, to achieve high accuracy in this algorithm, the weather condition
in the second image must be similar to the main image and missing data and cloud pixels should
be minimal.

Examples of detected fires in the first and second case studies are shown in Fig.3.
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Fig. 3. Anexample of detected fires in the first and second case study

4.1. Accuracy Assessment

In order to evaluate this algorithm, Reference-based accuracy, Omission Error, Map-based
accuracy and Commission Error were calculated:
- Reference-based accuracy or Producer’s accuracy is obtained by the ratio of the number

of correct pixels into the total number of pixels in a class.
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Producer’s accuracy = classified pixels in the specified class/ground reference pixels in this class

- Omission Error means c pixel that should have been included in the class:

Omission Error = 1 - Producer’s accuracy
- Map-based accuracy or User’s accuracy that determining the percentage of correct

predictions:

User’s accuracy = correctly classified pixels as a specified class /total of classified pixels as the this
specified class

- Commission Error means including a pixel in a class when it had to be removed:

Commission Error = 1 - User’s accuracy
These parameters and values obtained from the proposed algorithm and the Giglio algorithm
are presented in table 3.

Table. 3. Effect of each mask on the number of false alarms in the first and second case study

Parameter First Case Study Second Case Study
Producer’s accuracy 93.5% 80%
Omission Error 2.5% 20%
User’s accuracy 89% 95.5%
Commission Error 11% 4.5%

5. Conclusion

We have developed an appropriate platform for small and cold fire detection. One of the crucial
reasons for false alarms in previous works was water pixels. Consequently, in the currently
proposed algorithm, we masked out the water pixels using the NDVI index. After that, a
dilation and closing morphological operation were used to remove the pixels, which cause false
alarms in boundaries. The result showed that the proposed algorithm had no false alarm from
water pixels in the case studies. The milestone of this study was to identify the hot spots based
on both temporal and spatial changes. A change mask was applied to the fire image, which was
performed based on the difference between thermal bands of two images. This mask allowed
us to reduce the fire thresholds to a regional low and cold fire temperature and had a
considerable enhancement in detecting fires in early hours, so the omission errors were
minimized.

Moreover, our algorithm does not need to false alarm rejection step which is considered as one
of the main phases in MODIS Active Fire algorithms and omitted some of the small and cold
fires, because the change mask removed most of these false alarm pixels without deleting fire
pixels since they had the same situation in both images without omitting small fire pixels.
Therefore, It leads to a decreasing in commission errors. Together, our results indicated that
the proposed method had a good improvement for identifying fires in the first hours to prevent
it from spreading and had a notable improvement to minimize commission and omission errors.
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