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Abstract

This is the first of its kind work on the assessment of forest burnt area and fire hotspots of Myanmar using Landsat OLI data
and spatial statistics tool. Burnt area analysis indicates 15.2% of vegetation area was affected by fires in 2017. Analysis of
burnt area at state level indicates Kayah affected by more fires in 2017. Of the total vegetation fire occurrences from 2003
to 2017 about 44.7% were observed in the forested landscapes of Myanmar. The emerging hotspot analysis had shown the
highest spatial extent of persistent hotspots followed by oscillating hotspots. Forest fire hotspots are mainly found in the
states of Kayah, Shan, Bago, Nayi Pyi Taw, Magway, Mandalay, Chin, and Kayin. Overall earth observations based on
2003 to 2017 fire occurrences indicate a declining trend of fires in Myanmar. A comparison of the fire occurrences recorded
by MODIS and VIIRS indicates that VIIRS is capable of detecting a greater number of fire incidences. The findings of the
study would support in assessing the impact of fires on forest, its structure, composition, function, and provide valuable

input for nationwide forest fire management.
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Introduction

Occurrence of fire is identified as a prominent disturbance
regime that influences biodiversity and global climate
change (Rudel et al. 2005). Fires are a threat to biodiversity
due to the human fire dynamic variability (Fuller et al.
2004). Ecological impact of fires on forest ecosystems,
especially across boreal, temperate and tropical biomes,
received global attention (Nasi et al. 2002). The increase in
temperature and decrease in rainfall in association with
land-use change contribute to the spread of human indu-
ced fires in Asia (IPCC 2007). The tropical warmer regions
are more vulnerable to fires (McKenzie et al. 2004; Chu-
vieco et al. 2003).
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The increase in edge forests caused by fragmentation
will lead to greater fire risk, as agricultural residue burning
may spread to these forests. The fire incidences and the
distance of the forest edge to the interior are found to be
inversely proportional (Nepstad et al. 1999; Cochrane et al.
1999; Cochrane and Laurance 2002). The fire behaviour is
also influenced by elevation, slope, and aspect (Harmon
1982; Bennett 2010). Another important anthropogenic
causative factor for fires is the distance to roads (Nepstad
et al. 2001; Arima et al. 2005). The regeneration and
recruitment of many species are affected by fires, and it
facilitates the encroachment by invasive species which
contributes to forest degradation (Reddy et al. 2014).

The rapid spread of fire is mainly caused by the avail-
ability of burnable material, inclination of the terrain, high
wind velocity, and soaring summer temperature (Rother-
mel and Richard 1991; Roy et al. 2006). The existence of
highly combustible coniferous vegetation and limited
moisture content stimulates isolated trees at higher alti-
tudes and scrubs at lower altitudes to easily catch fire
(Gupta et al. 2018). The coarse-resolution sensors such as
the Moderate Resolution Imaging Spectroradiometer
(MODIS) with thermal infrared bands (3.6—12 pum range)
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are capable of detecting vegetation fires on a real-time
basis (Reddy et al. 2017).

Study Area

Myanmar, an Indo-Burma biodiversity hotspot, situated
between 9°32’ N and 28°31’ N latitude and 92°10" E and
101°11" E longitude. This country consists of seven states:
Chin, Kachin, Kayah, Kayin, Mon, Rakhine, and Shan,
mainly covering hill regions and seven divisions — Aye-
yarwady, Bago, Magway, Mandalay, Sagaing, Tanitharyi,
and Yangon, covering the plains. Myanmar is reported to
have a large number of fires in Asia (Vadrevu and Justice
2011). The study reported more than 6 million ha of forest
being annually affected by fires in Myanmar (FAO 2006).
The work had quantified the factors impacting vegetation
fires in protected and non-protected areas of Myanmar
(Biswas 2015). Even though Myanmar is reported to be
having the highest number of forest fires, no studies were
done till date to quantify the forest burnt area and identi-
fication of hotspots using spatial statistics. The main
objective of this work is to generate a first national data-
base on forest burnt area and hotspots of fires in Myanmar.

Materials and Methods
Data Used

1. Landsat 8 OLI data of 2017 (https://earthexplorer.usgs.
gov/).

2. MODIS active fire locations from 2003 to 2017
(https://earthdata.nasa.gov/earth-observation-data/
near-real-time/firms/active-fire-data).

3. VIIRS active fire locations from 2016 to 2017 (https://
earthdata.nasa.gov/earth-observation-data/near-real-
time/firms/active-fire-data).

4. Vegetation type map of 2016 prepared as part of the

National Carbon Project (Reddy et al. 2019).

Methodology
Forest Burnt Area Mapping

To estimate the burnt area the 64 cloud-free images from
Landsat 8 OLI for the dry season of February to May 2017
were used. In this study vegetation burnt area has
been extracted using unsupervised ISODATA classifica-
tion, normalized burn area ratio, and visual interpretation.
In the first step, all the primarily non-vegetated areas were
masked out in satellite imagery using spatial data of veg-
etation cover. Burnt areas have lower spectral values than
no burnt areas because of the decreased level of photo-
synthetic activities. A 3 x 3 matrix was used for per-
forming post-classification smoothening. Raster data were
converted to vector format to refine the boundaries of forest
burnt areas using visual interpretation techniques. The
normalized burn ratio (NBR) is an index designed to
highlight burnt areas (Miller and Thode 2007). The formula
of NBR combines the use of both near-infrared (NIR) and
shortwave infrared (SWIR) wavelengths. A high NBR
value indicates healthy vegetation, while a low value
indicates bare ground and recently burnt areas. Non-burnt
areas are normally attributed to values close to zero.

Emerging Hotspot Analysis

An emerging hotspot analysis is conducted to investigate
trends of forest fires over space in addition to trends over

Table 1 Classification scheme used in this study for portraying different categories of statistically significant hotspots

Hotspot Definition

category

Intensifying A location that has been a statistically significant hotspot for 90% of the time-step intervals, including the final time step. Also,
the intensity of the clustering of high counts in each time step is increasing overall and that increase is statistically significant

Persistent A location that has been a statistically significant hotspot for 90% of the time-step intervals with no discernible trend, indicating
an increase or decrease in the intensity of clustering over time

Oscillating A statistically significant hotspot for the final time-step interval that has a history of also being a statistically significant cold
spot during a prior time step. Less than 90% of the time-step intervals have been statistically significant hotspots

Sporadic A location that is an on-again then off-again hotspot. Less than 90% of the time-step intervals have been statistically significant
hotspots, and none of the time-step intervals have been statistically significant cold spots

New A location that is a statistically significant hotspot for the final time step and has never been a statistically significant hotspot
before

Diminishing A location that has been a statistically significant hotspot for 90% of the time-step intervals, including the final time step. Also,
the intensity of clustering in each time step is decreasing overall and that decrease is statistically significant

Historical The most recent time period is not hot, but at least 90% of the time-step intervals have been statistically significant hotspots
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- Burnt area

Fig. 1 Forest burnt area map of Myanmar for 2017

Table 2 Burnt area distribution across the vegetation types of
Myanmar (area in kmz)

Sl. no.  Vegetation Burnt area  Total area % of burnt area
1 Forest 31,884 342,106 9.3
2 Plantations 1465 9176 16.0
3 Scrub 21,921 78,054 28.1
4 Grassland 16,011 38,517 41.6
Total 71,280 467,854 15.2

Table 3 Areal extent of forest burnt area in Myanmar—2017 (area in
km?)

State/UT Burnt area (kmz) Forest (kmz) % of burnt area
Kayah 3934 6735 58.4
Bago 3682 13,415 27.4
Nayi Pyi Taw 617 2564 24.1
Magway 1523 6708 22.7
Mandalay 1164 5241 22.2
Yangon 169 854 19.7
Chin 3261 26,536 12.3
Kayin 2645 21,549 12.3
Shan 8903 85,206 10.4
Mon 347 4487 7.7
Sagaing 2810 52,477 54
Rakhine 680 15,326 44
Ayeyarwady 112 4437 2.5
Kachin 1425 64,659 22
Tanitharyi 613 31,914 1.9
Total 31,884 342,106 9.3

time. A space—time cube was created using each of the data
layers representing a category of fire counts from MODIS
active fire product as the input feature. The emerging
hotspot analysis tool takes the space-time cube as input
and conducts a hotspot analysis using the Getis—Ord Gi*
statistic for each bin. The neighbourhood distance and
neighbourhood time-step parameters define how many
surrounding bins, in both space and time, will be consid-
ered when calculating the statistic for a specific bin. Based
on the input parameters, the space—time cube took the
attributes values and aggregates all points with a distance
interval of 1000 m and a time-step interval of 1 year to
create a bin. The sum of all the aggregated data attribute
values included in the bin is the attribute value for that bin.
This tool uses the Gi* statistic as a measure of the degree
of association between the attribute value for each bin
within the space—time cube to the spatial weight or rela-
tionship with the attribute values of its neighbouring bins
(Getis and Ord 1992). With statistically significant high (or
low) attribute values being surrounded by other bins with
high (or low) attribute values, it then compares the attribute
value for a bin and its neighbours to the mean attribute
value of all bins. The Gi* statistic returned for each bin in
the dataset is a z score or standard deviation. After the Gi*
statistic has been computed, hotspot/cold spot trends were
analysed using the Mann—Kendall trend test to detect
temporal trends at each spatial location with data against
time (Mann 1945). Using the calculated hotspot z score and
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Table 4 Burnt area distribution
across the forest types of
Myanmar—2017 (area in km?)

Table 5 Number of vegetation
fire occurrences from 2003 to
2017

@ Springer

Sl no Forest canopy density and type Burnt area Total area % of burnt area
1 Dense wet evergreen forest 2483 100,407 2.5

2 Dense semi-evergreen forest 8980 100,170 9.0

3 Dense moist deciduous forest 8004 40,133 19.9

4 Dense dry deciduous forest 5 285 1.7

5 Dense mangroves 0 3701 0.0

6 Dense subtropical broadleaved hill forest 47 11,412 0.4

7 Dense wet temperate broadleaved forest 20 8317 0.2

8 Dense dry temperate needle-leaved forest 3 1620 0.2

9 Dense subalpine forest 0 699 0.0

10 Dense subtropical Pine forest 4 2128 0.2

Subtotal 19,544 268,872 73

11 Open wet evergreen forest 62 2282 2.7

12 Open semi-evergreen forest 116 639 18.2

13 Open moist deciduous forest 11,855 65,536 18.1

14 Open dry deciduous forest 305 1243 24.5

15 Open mangroves 0 2339 0.0

16 Open subtropical broadleaved hill forest 1 305 0.2

17 Open wet temperate broadleaved forest 1 92 0.7

18 Open dry temperate needle-leaved forest 0 0 0.0

19 Open subalpine forest 0 797 0.0

20 Open subtropical Pine forest 0 0 0.0

Subtotal 12,339 73,234 16.8

Total 31,884 342,106 9.3

Year Forest Scrub Grassland Agriculture Plantation
2003 24,112 9870 7066 7237 6994
2004 38,650 14,712 9561 10,742 10,620
2005 25,982 11,369 7455 7419 7792
2006 25,069 10,491 7140 7139 8008
2007 41,295 18,248 9431 9917 12,019
2008 23,510 11,688 6130 6231 7017
2009 34,727 17,978 8177 7836 10,652
2010 39,520 17,680 8825 9412 11,132
2011 19,801 10,406 5749 5793 6216
2012 36,746 14,047 7840 7967 9999
2013 30,530 11,344 7642 7747 8421
2014 29,738 10,842 7348 7983 8061
2015 23,298 9640 6691 8429 6842
2016 23,001 7796 5381 6702 5818
2017 17,216 7726 5702 7831 4929
Total 433,195 183,837 110,138 118,385 124,520
Percentage 44.7 19.0 11.4 12.2 12.8
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Ilal;brlﬁlgtije()tm;ﬂonthly fire Month Forest Scrub Grassland Agriculture Plantation %
occurrences from 2003 to 2007 yoapy 3553 6370 5912 10,612 2422 3.0
February 33,053 35,244 25,643 28,932 15,133 14.2
March 221,987 89,575 53,835 54,310 65,132 50.0
April 163,510 47,166 22,143 17,132 38,369 29.7
May 9667 4042 1182 1525 2550 2.0
June 139 49 35 176 38 0.0
July 4 7 3 60 0 0.0
August 14 11 18 96 9 0.0
September 42 53 55 223 26 0.0
October 135 90 75 226 76 0.1
November 361 249 227 986 220 0.2
December 730 981 1010 4107 545 0.8
Total 433,195 183,837 110,138 118,385 124,520 100
Table 7 Fire occurrences in 2016 and 2017 Table 9 Distribution of forest fire hotspots in Myanmar
Vegetation fire VIIRS MODIS Hotspot category Number of hotspots % of hotspot area
2016 2017 2016 2017 Historical hotspot 1424 7.9
Agriculture 50,000 53,966 6702 7831  Persistent hotspot 9959 370
Forest 137,253 96,359 23,001 17,216  Intensifying hotspot 161 1.0
Grassland 34,005 34,536 5381 5702 Sporadic hotspot 1401 8.5
Plantation 34270 27.866 5818 4929  Oscillating hotspot 2699 157
Scrub 49215 48,013 7796 7726 ~ New hotspot 450 28
Diminishing hotspot 1545 7.1
Total 17,639 100.0

Table 8 Comparative evaluation of monthly forest fire occurrences
for VIIRS and MODIS (2016-2017)

Month VIIRS MODIS
2016 2017 Total 2016 2017 Total

January 411 588 999 106 140 246
February 6805 7439 14,244 771 1083 1854
March 63,252 45,325 108,577 9940 7167 17,107
April 58,490 39,388 97,878 10,909 7959 18,868
May 7908 3344 11,252 1223 807 2030
June 65 48 113 15 8 23
July 3 1 4

August 5 4 9 3 3
September 12 9 21

October 56 29 85 3 6 9
November 94 82 176 8 18 26
December 152 102 254 22 25 47

p value for each bin and the trend z score and p value, the
emerging hotspot analysis tool classifies each location into
one of 17 categories (Zhu and Newsam 2016) (Table 1).

Results and Discussion
Extent of Forest Burnt Area

About 15.2% of vegetation area was affected by fires in
2017. Among the four vegetation types, forests had expe-
rienced a high extent of burnt area (Fig. 1). The spatial
analysis indicates the highest percentage of burnt area in
grassland, followed by scrub and plantations (Table 2).
Analysis of burnt area at state level indicates 58.4% of
forest in Kayah affected by fires in 2017 (Table 3). Anal-
ysis of burnt area across the forest types shows deciduous
forests were affected by more fires (Table 4). Error matrix
confirms that majority of the classified fire pixels are cor-
rect. Overall classification accuracy was achieved at
92.02%, and kappa statistic was above 0.87.

Trend in Fire Occurrences from 2003 to 2017
Based on MODIS

In all the years from 2003 to 2017 a significant number of
fires were found in all vegetation classes (Table 5). The
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Fig. 2 Forest fire emerging hotspot map in Myanmar

number of fire occurrences in forests is found to be the
highest than the other vegetation types. The year 2007 is
showing the highest number of forest fire occurrences
followed by 2010, 2004, and 2012. Overall 15 years of
analysis shows declining trend of fires in Myanmar indi-
cates increased conservation measures.

Of the total vegetation fires in 2003-2017, forests
accounted for the highest percentage (44.7%) of fire
occurrences followed by scrub (19%), plantation (12.8%),
agriculture (12.2%), and grassland (11.4%). About 39.7%
of fire occurrences were recorded in forests in 2017, fol-
lowed by agriculture (18%), scrub (17.8%), grassland
(13.1%), and plantation (11.4%). The number of fire
occurrences is found to be higher in the months of
February, March, and April, collectively contributing to
more than 90% of fires, while 2.2% of forest fire events
were recorded alone in the month of May based on earth
observations from 2003 to 2017 (Table 6).

@ Springer

Fire Occurrences Recorded by MODIS and VIIRS
(2016-2017)

The comparison of fire incidences recorded by MODIS and
VIIRS shows that VIIRS had recorded a highest number of
fire incidences. The year 2016 had a greater number of fires
in all vegetation classes. Two-year data on fires by VIIRS
also show decreasing pattern of vegetation fires in Myan-
mar (Table 7).

On analysing the monthly fire occurrences again, it is
found that the number of fire occurrences are more in
February, March, and April (Table 8). The monthly fire
incidences recorded for 2016 and 2017 had shown a sig-
nificant change in the number of fires by VIIRS and
MODIS. This change may be attributed to the difference in
the spatial resolution of their thermal bands. The thermal
band of MODIS has 1000-m resolution per pixel, whereas
VIIRS has a 375-m resolution per pixel. This higher res-
olution enables VIIRS to detect fires that MODIS over-
looks. However, VIIRS is a more sensitive instrument
when it comes to detecting fires. MODIS provides crisper
background images because MODIS has 250-m spatial
resolution for other than thermal bands and can produce
more detailed land surface images.

Emerging Hotspot Analysis

The emerging hotspot analysis had shown the highest
spatial extent of persistent hotspots followed by oscillating
hotspots (Table 9). A total of 161 intensifying hotspots and
450 new hotspots were found. About 1545 hotspots out of a
total of 17,639 hotspots were found to be diminishing, and
1424 hotspots were found to be historical hotspots. Forest
fire hotspots are concentrated mostly in the states of Kayah,
Shan, Bago, Nayi Pyi Taw, Magway, Mandalay, Chin, and
Kayin (Fig. 2). New hotspots are found only in Tanitharyi.
The coastal states of Ayeyarwady, Yangon and snow-
covered states of Sagaing and Kachin were least affected
by fire (Table 10). The highest area under diminishing
hotspots is recorded in Magway.

Conclusions

This work had assessed the annual forest burnt area in
Myanmar using Landsat 8 OLI satellite data for 2017. The
deciduous forests were found to be more vulnerable to
fires. Emerging hotspot analysis had done using MODIS
active fire locations to study the spatiotemporal trends of
forest fires. Analysis of 15 years of fire occurrences from
2003 to 2017 indicates a declining trend of fires in
Myanmar. In a biodiversity-rich country like Myanmar
more scientific studies are required to devise fire
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Table 10 State-wise distribution of hotspot categories (area in %)

State/region  Historical Persistent Intensifying Sporadic Oscillating New Diminishing
hotspot hotspot hotspot hotspot hotspot hotspot hotspot
Ayeyarwady 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Bago 1.4 10.1 0.0 12.0 9.1 0.0 1.3
Magway 133 10.8 0.0 0.4 0.0 0.0 49.3
Mandalay 0.1 0.5 0.0 53 0.6 0.0 9.4
Nayi Pyi 0.0 0.1 0.0 1.4 1.9 0.0 0.2
Taw
Sagaing 0.6 0.0 0.0 0.0 0.2 0.0 2.3
Tanitharyi 0.0 0.0 0.0 0.0 17.9 100.0 0.0
Yangon 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Chin 15.8 9.0 0.0 0.0 0.0 0.0 0.9
Kachin 0.0 0.0 0.0 0.0 0.0 0.0 0.0
Kayah 0.0 12.7 0.0 9.0 5.8 0.0 5.5
Kayin 0.5 5.0 0.0 22.4 11.9 0.0 5.0
Mon 0.0 0.1 0.0 0.4 0.0 0.0 0.0
Rakhine 0.4 1.5 0.0 0.1 0.0 0.0 0.0
Shan 67.8 50.2 100.0 49.1 52.5 0.0 26.1

management plans to minimize the ecological impact of
fire events on forest ecosystems.
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