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Abstract
Land fires lead to a deterioration of environmental quality and have perilous social and economic aspects. One method 
for mitigating this hazard is to determine the range of fire risk areas. Thus, this study aimed to analyze the current and 
potential future fire risk in the Ogan Komering Ilir, southern Sumatra region of Indonesia, using CMIP6 data and geospatial 
technology. In order to analyze fire risk areas, the Landsat 8 satellite image from 2021 (as a baseline period) was used. 
Variables like the normalized difference moisture index (NDMI), the normalized difference vegetation index (NDVI), and 
the land surface temperature (LST) were extracted from the satellite image. Then, the standard precipitation index (SPI) 
was determined using rainfall data from meteorological stations. For future period prediction (periods 2021–2040 and 
2041–2060), this study used future climate data from the CMIP6. By overlaying these variables, current and future fire 
risk zone maps were produced. The results obtained showed that in the current period, around 726.4 km2 (4.2%) of the 
area was at high fire risk, then 5,621.3 km2 (32.7%) and 10,835.3 km2 (63.1%) were at moderate and low fire risk zones, 
respectively. Furthermore, for the future period, this study estimated there was an increase in high fire risk areas of about 
14% during 2021–2040 and 30% during 2041–2060. This was recorded in the southern and northern parts of the study 
area. Fire risk areas were strongly associated with NDMI, NDVI, and LST. The study’s findings may be useful for land fire 
management in fire-prone areas.

Article Highlights

•	 Future map scenario reveals up to an increase of forest 
fire in South Sumatra.

•	 CMIP6 and GIS together performed best in mapping 
forest fire.

•	 Forest fire events are closely associated with the NDMI, 
NDVI and LST.
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1  Introduction

Forests are one of the most prominent natural resources 
for maintaining the stability and sustainability of an eco-
system [1, 2]. Forest fires are the most prominent and 
widespread threat to global forests [3–5]. The forest fire 
can deteriorate ecosystem function and and threaten the 
species that live within them [6, 7]. Based on the 2019 
authority report, around 135,000 ha of Indonesian for-
ests have been degraded by fire. One of the largest for-
est fire cases in Indonesian provinces comes from the 
South Sumatra region. This region is prone to forest fires 
because the majority of areas are covered with peatland. 
The land use conversion for the agricultural purpose is 
the main contributor for peatland fire in this region [8]. 
In 2019, the total burned area in South Sumatra reached 
52,716 ha.

In this region, the majority of fire cases come from 
the Ogan Komering Ilir regency. Every year, especially 
during the dry season, many lands are burned, leading 
to a severe smoke hazard in the Southeast Asian region 
[9]. Some necessary actions have been carried out by 
authorities to control fire using conventional methods 
by humans and also the advanced technique using water 
bombing from the air [10]. However, methods to sup-
press or control fire activity are still being discovered 
at this time. Many researchers believe that creating a 
land fire risk map can help identify hotspots before they 
become a fire [11, 12]. This fire risk evaluation before 
this crisis time was important for fire control in the for-
est area and became a guide for land fire management.

Several studies have successfully applied remote 
sensing and geospatial technology for fire risk studies 
[13, 14]. Remote sensing and GIS are preferred because 
they are available with rapid and simple access, broad 
visibility, and low time and cost consumption [15]. For 
instance, Sakellariou et al. [16] used a remote sensing 
technique based on the normalized difference moisture 
index (NDMI) to identify high fire hazards on a small 
Greek island. Liu et al. [17] discovered a strong relation-
ship between surface temperature and fire risk areas. 
Glushkov et al. [18] used the Sentinel satellite data to 
analyze land fire risk in Russia, while Achour et al. [19] 
used the Landsat data to monitor fire risk in Tunisia. The 
outputs of both studies exhibited a satisfactory result in 
detecting fire risks.

The impact of El Niño-Southern Oscillation (ENSO) and 
Indian Ocean Dipole (IOD) on forest fire events has been 
extensively discussed for forests in the tropical and sub-
tropical regions. The combination of La Nina (cold ENSO) 
and IOD was obtained to be associated with anomalistic 
high fire occassions in the forests of Northwest China 

[20]. Meanwhile, El Nino (warm ENSO) and IOD have 
resulted to an increase in forest fire frequency in North-
western Brazil [21], Australia and other tropical regions 
[22, 23]. A previous study by Nurdiati et al. [24] revealed 
the influence of La Nina increased the monthly rainfall 
in Indonesia and caused the dry season shorter. Thus, 
this cirrcumstance would make the association between 
rainfall and burned areas reduced. But, we assumed that 
the effect of La Nina and IOD on tropical peatland forest 
fire especially in Southern land of Sumatra is still vague. 
Also, the link of La Nina occasions with high fire risk of 
Sumatran forests has not been examined.

Section  1 consists a brief introduction, and Sect.  2, 
materials and methods, that includes 4 subsections such 
as study area, data sources, preparation of associated-
variables for land fire risk, and current and future land fire 
risk analysis. Section 3 consists the results and discussion, 
and Sect. 4 presents the conclusion. According to the 
above studies, there are limited studies that evaluate 
the fire risk in the future using a forecast climate model. 
CMIP6 data has offered a new strategy for facing the 
climate change issue. It can be used and combined with 
satellite image analysis to obtain the location of fire-prone 
zones within the forest region in the future. Therefore, the 
objective of this study aims to analyze the current and 
potential future forest fire risk zones in Ogan Komering 
Ilir, southern Sumatra, Indonesia using CMIP6 and GIS. The 
output of this study is useful for the authority in arranging 
an effective policy to mitigate a severe forest fire event in 
that region.

2 � Materials and methods

2.1 � Study area

The Ogan Komering Ilir (OKI) regency is situated in the 
southern part of Sumatra island (Fig. 1). The total area 
of this region is around 19,023 km2. The OKI is situated 
between longitudes 104˚40′00’’E and 106˚40′00’’E and lati-
tudes 2˚40′00’’S and 4˚0′00’’S. The OKI is administratively 
included in the South Sumatra Province of Indonesia. This 
region often experiences fire events almost in every year. 
Since the forest type of the study area is peat swamp for-
est, the fires makes the changes of peat soil properties, 
and diminishes vegetations cover and their composition. 
Then, the drought effect may rise the plant degradation 
and release carbon dioxide to atmosphere [25]. The fires 
have disturbed the endangered species in this region such 
as Panthera tigris sumatrae and Elephas maximus suma-
tranus. The tigers and elephants was often found in the 
villages due to habitat fragmentation thus this situation 
triggers the human-animal conflict. For instance, the fires 
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Fig. 1   Location of the study area
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in in South Sumatera during 2015 led to the production 
of smog which disseminate to Malaysia and Singapore 
regions. 

The OKI region has 327 villages and the population of 
approximately 769,348 people. The OKI’s geographical 
feature is its nearly flat terrain (slope 0–2%) with tropi-
cal climate condition. The dry season occurs from April 
to September, while the wet season occurs from Octo-
ber to March. The annual precipitation in this area ranges 
between 2,600 and 2,900 mm per year, with a mean tem-
perature of around 31 ˚C (Fig. 2a). The area’s major soil 
types are humic gravel and organic soil, both of which are 
associated with water.

One of the unique features that affect the physical 
condition of the OKI is the area that is mostly covered 
with wetland. Around 639,122  ha of the OKI were 
encompassed by peatland, which is equivalent to 50.6% 
of the peatland in all of South Sumatra province [26]. If 
we compared the forest fire area of Indonesian provinces 
in 2019, the South Sumatra showed the highest forest fire 
area (3.28 × 1000 km2), followed by Central Kalimantan 
(3.04 × 1000 km2), West Kalimantan (1.51 × 1000 km2), 
and East Nusa Tenggara (1.36 × 1000 km2) [27]. Peat fires 
are very flammable, they can cause localized fires to 
disperse and resulting them hard to cease. Peat catches 
fire easily and hard to estimate when they begin from the 
underground. The fires can infiltrate to the soil and spread 
underground that are difficult for fire fighter to extinguish 
the fire. The land cover of the study area consisted of 
areas with forest, shrub, agricultural land like oil palm and 
rubber, and settlements. The land cover becomes one of 
important indicators for fire events because the areas like 
forests and agricultural lands often found fire cases in the 
OKI region. The human activities which convert the forest 
into agricultural and settlements have led to severe land 
fires in the study area every year.

As a result of this situation, the OKI has become the 
leading cause of land fires in the province of South 
Sumatra. The OKI was responsible for approximately 51% 
of the total burned areas in the South Sumatra province 
in 2015 [28]. According to the authority, total hotspots 
in 2015 and 2019 were 17,532 and 4,583, respectively. In 
2021, about 70 ha of land in the OKI were burned again. 
This area constantly experiences land fire every year, which 
makes villages within the OKI area fire-prone.

2.2 � Data sources

The details of data used in this study as shown in Table 1. In 
order to analyze the impact of drought severity, land use, 
and surface temperature changes in the OKI area, we used 
the Landsat 8 satellite images to generate the normalized 
difference moisture index (NDMI), the normalized 

difference vegetation index (NDVI), and the land surface 
temperature index (LST). The details procedure about 
these above-indexes would be explained in the following 
section. The Landsat 8 was chosen in this study because of 
its temporal and spatial resolution, which are appropriate 
for land fire risk studies. The use of the NDMI index using 
SWIR band causes Landsat 8 OLI/TIRS more chosen than 
other satellite images without SWIR band. Furthermore, 
Landsat 8 satellite can acquire more than 1,000 scenes 
daily. They are available for download in six hours of 
acquisition. Thus, Landsat 8 is very suitable for monitoring 
forest fires.

To improve the accuracy of fire risk analysis, our study 
investigated the fire pattern across a year. We obtained 
the highest number of land fire occurrences and burned 
areas occurred during a dry season, especially in July, 
August, and September 2021. Therefore, we averaged 
each of NDMI, NDVI, LST, and SPI variables according the 
three months. For hotspots data, we collected from the 
Indonesain Ministry of Environment and Forestry from July 
to September 2021 which they are originally extracted 
from NASA-MODIS, NASA-SNPP, and NASA-NOAA20 
satellites. The data should have high realibility because it 
is organized by the government. The accuracy of satellite 
data is directly checked by the field team and they 
regularly report to the center office. Annual precipitation 
data for the current period (2021 year) were obtained from 
the meteorological stations distributed throughout the 
study area (https://​www.​bmkg.​go.​id/). While, for projected 
future fire risk period (2021–2040 and 2041–2060), we 
used same variables to generate the future land fire risk 
map such as NDMI, NDVI, LST, and SPI maps. But, for this 
future fire risk analysis, we used the future LST and SPI 
data which corresponding to future periods; 2021–2040 
and 2041–2060. The data could be obtained from the 
WorldClim website.

2.3 � Preparation of associated‑variables for land fire 
risk

2.3.1 � NDMI analysis

The NDMI calculation algorithm is similar to other vegetation 
indexes calculated in ArcGIS software using the raster calcu-
lator. The surface temperature usually increases because of 
the shortage of water for evaporation during drought condi-
tions. The NDMI is a specific index that is applied together 
with LST and NDVI to analyze soil moisture content. The 
NDMI evaluates the soil moisture content for all features 
on the earth’s surface, so it makes a good benchmark for 
drought. The NDMI has a range of values greater than 0.1 
representing high humidity and less than 0 representing low 

https://www.bmkg.go.id/
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Fig. 2   Environmental variables used for fire risk model, a precipitation, b NDVI, c LST in 2021, d NDMI, e SPI in 2021, f SPI during 2021–2040, 
g SPI during 2041–2060, h LST during 2021–2040, and i LST during 2041–2060
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humidity (Table 2). The NDMI raster map is calculated from 
Landsat 8’s SWIR (band 6) and NIR (band 5) wavelengths (Jin 
and Sader, 2005), as shown in Eq. 1.

2.3.2 � NDVI analysis

The NDVI is widely applied in vegetation cover monitoring. 
This index is appropriate for estimating the vegetation 
frequency, which is measured at near infrared and red 
wavelengths. Recently, the NDVI is not only able to analyze 
the density and health of vegetation, but it can also 
determine the drought level (Table 3) in distinct areas of 
the world [29]. The NDVI raster map was produced using 
the calculation of Landsat 8 bands (band 5 for NIR and band 
4 for red), as shown in Eq. 2 below [30].

(1)NDMI = (NIR − SWIR)∕(NIR + SWIR)

(2)NDVI = (NIR − RED) ∕ (NIR + RED)

2.3.3 � LST analysis

Recent advances in remote sensing technology have 
enabled the determination of land surface temperature 
(LST) raster maps using a thermal band of satellites. 
Although the LST may be analyzed using several satellites, 
in this study we used band 10 of Landsat 8 images to 
assess it. The LST equation is shown as specified below 
using a common formula derived from the United States 
Geological Survey (USGS).

where BT is at sensor brightness temperature, W is the 
radiated radiance wavelength, e is emissivity, and ρ is 
1.438 × 10−2 m K.

2.3.4 � SPI analysis

The standard precipitation index (SPI) is a specific index 
that measures the likelihood of precipitation in a certain 
period so that the user can determine the drought 
severity. In this study, we used annual precipitation from 
the current period in 2021 to calculate the SPI value during 
that year. Meanwhile, for future periods, this study used 
the mean rainfall derived from the CMIP6. In the CMIP6, 
we chose a GCM type of HadGEM3-GC31-LL and SSPs 126 
for the time study periods: 2021–2040 and 2041–2060. 
Several studies have revealed that the HadGEM3-GC31-LL 
showed satisfactory result [31, 32]. The calculation of the 
SPI value was carried out per grid cell in GIS software. The 
drought severity classification according to SPI value is 
tabulated in Table 4. The SPI value can be obtained from 
Eq. 4 below [33].

where Pi is the total amount of rainfall in the studied 
period, P is the long-range mean of rainfall in the studied 
period, and S is the standard deviation of rainfall values. 

(3)LST =

⎛
⎜
⎜
⎝

BT

1 + 1(wx
BT

p
x ln (e)

⎞
⎟
⎟
⎠
− 273.15

(4)SPI =
Pi − P

S

Table 1   Details of data used in this study

Data Sources

Landsat 8 OLI/TIRS USGS Earth Explorer
Boundary of the study area https://​tanah​air.​indon​esia.​go.​id/
Hotspots data https://​sipon​gi.​menlhk.​go.​id/
Current precipitation (in 2021) Meteorological, Climatological, 

and Geophysical Agency
Predicted precipitation, 

temperature (2021–2040, 
2041–2060)

https://​www.​world​clim.​org/

Table 2   The NDMI classification for this study

NDMI values Interpretation

− 1–0 High water stress
0–0.2 Moderate water stress
0.2–0.4 Low water stress
> 0.4 Very low water stress, 

no water stress

Table 3   The NDVI classification 
for this study

Modified from: Aziz et al. [48]

NDVI values Interpretation

< 0 Water body
0–0.2 Dry
0.2–0.4 Moderate
> 0.4 Wet

Table 4   The SPI classification 
for this study

Modified from: Rabiei et al. [15]

SPI values Interpretation

− 2–1.5 Severe drought
− 1.5–1 Moderate drought
− 1–0 Slight drought
0–1 Relatively wet
1–2 Very wet

https://tanahair.indonesia.go.id/
https://sipongi.menlhk.go.id/
https://www.worldclim.org/
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The SPI values from meteorological stations and their 
respective coordinates were inputted in ArcGIS. A Kriging 
interpolation technique was conducted to produce an SPI 
raster map in the study area.

2.4 � Current and future land fire risk analysis

The current land fire risk map was produced by overlaying 
the NDMI, NDVI, LST2021, and SPI2021 maps. This process 
was conducted using the weighted overlay tool in ArcGIS 
software. The default setting of equal influence was applied 
for this analysis. Then, using 30 ground hotspot points 
of data, the current land fire risk map was validated. The 
validation was carried out using percentages of points 
in each fire risk category in Microsoft Excel. Meanwhile, 
the projected future land fire risk map was produced 
by overlaying the NDMI, NDVI, LST2021-2040, SPI2021-2040, 
LST2041-2060, and SPI2041-2060 map.

3 � Results and discussion

3.1 � The associated environmental variables for land 
fire risk

In this study, we applied the NDVI as one of the most 
popular methods to be used because it was reliable and 
simply to compute index with only two spectral bands. 
Based on the NDVI map in Fig. 2b, the NDVI value of the 
study area increased from southwest to southeast in 2021. 
The southeast areas consisted of low vegetation cover and 
toward southeast showed an increase to dense vegetation 
cover area. The NDVI value varied from -0.43 to 0.69 
during the study period. Our result was in line to a study 
by Rutkay et al. [34] which found the area that exposed 
by fire showed the NDVI value ranged from 0.1 to 0.3. Our 
result also obtained the area with the high fire risk had the 
NDVI value was less than 0.2. A study by Nath and Nath [35] 
found the average NDVI value after a week of fire event 
showed the alteration of greenness. Thus, we assumed the 
fire event has resulted to the change of greenness of the 
burned vegetations and then reduced their NDVI value. The 
correlation analysis showed 75% of NDVI map associated 
with fire risk map (Table 5). This result was consistent with 
another study by Lasaponara et al. [36] in Italian peninsula 
also obtained more than 80% accuracy value.

The assessment of LST is one of the rapid methods for 
fire risk studies. Therefore, many studies have stated the 

LST to be the most prominent factors for fire risk [37]. 
The LST map of the study area showed the high tem-
perature zones from the northwest to the southwest. The 
LST value varied from 29.8 to 31.6 ˚C during the current 
study period (Fig. 2c). It was much lower than a study in 
Jharkhand forest of India which obtained the LST rang-
ing from 29.4 to 49.5 ˚C. There were several factors that 
affected the LST change in a certain area. In the case of 
the Jharkhand forest of India, the hotspots were found in 
this study around 198 with 130.3 km2 burnt areas. There-
fore, forest fire events were particularly more dominant in 
that area as compared with our study. A previous study 
by Burdun et al. [38] have reported the LST exhibited the 
high relationship with in situ observation in the peatland 
area. A similar result was also reported by Yang [39], where 
they found the increase in 1.5 ˚C of LST might increase fire 
events.

The NDMI is one of indicators that used for fire studies 
which it was useful to assess the level of moisture stress 
in vegetation. The NDMI was found more effective as 
compared with the NDVI in evaluating the moisture 
content of vegetation. In this study, the NDMI map has 
been generated using the calculation of NIR and SWIR 
bands. The NDMI value ranged from -0.28 to 0.51 where 
the high value indicated the low water stress condition, 
while low values were the high water stress condition 
(Fig. 2d). Our result obtained the negative value of NDMI 
which based on another study by Hao et al. [40], it was 
attributed from the fire effect that absorbs much water in 
vegetation. This condition would increase the intensity of 
forest fire. Contrarily, other areas with low fire risk showed 
the positive NDMI. These areas were indicated with color 
green and showed the low fire occurrences. A study of 
forest fire in Iran revealed the NDMI value ranging from 
-0.21 to 0.60 [41]. This result was not much different with 
our study. It showed that there was not a substantial 
difference of the characteristic forest fire at both areas. 
In addition, the correlation analysis showed the strong 
relationship between NDMI and the predicted fire risk 
map with the value of 86% (Table 5). Rabiei et al. [15] also 
reported the high association between NDMI and fire risk 
occassions in the forest of Golestan province. In this study, 
we also evaluated the SPI index to examine the impact of 
precipitation on fire risk. Based on the accuracy analysis, 
the SPI associated with fire risk with the lowest accuracy at 
70% as compared with other variables (Table 5). This result 
was in line to another study by Vlassova et al. [42] which 
also showed the weak association.

3.2 � Current and projected land fire risk maps

According to the current land fire risk map of the study 
area, high fire risk areas were identified in the northern 

Table 5   Comparison of 
percentage correlation values 
between the studied variable 
with fire risk zone map using 
baseline data in 2021

NDMI NDVI LST SPI

0.86 0.75 0.72 0.70
86% 75% 72% 70%
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(b)

(a)

Fig. 3   The projected future fire risk map of the study area, a current period of 2021, b period of 2021–2040, and c period of 2041–2060
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and southeastern region of the study area (Fig. 3a). Details 
of percentage of fire risk class area were shown in Table 7. 
The high fire risk class had a total area of 726.4 km2 or 
around 4.2% of the whole study area. Dominant of the 
class area was under agricultural land. We considered this 
class was critical because it had the highest susceptibility 
on fire which was showed by the lowest NDMI and NDVI 
values. If we compared to another study, we found the 
high fire risk area in our study was lower than a study 
of the Parambikulam Tiger Reserve, Kerala, India that 
obtained approximately of 71% of the study area clas-
sified into high fire risk class [43]. This difference might 
be due to the size of the study site that much larger than 
our study. Furthermore, if we matched the high fire risk 
class with LST map, we found that most of class located 
in the high LST value zones. It showed the class consisted 
of sparse vegetation cover and might sustain fire event in 
the past period. The land in the study area was categorized 
as peatland, it clearly increased the susceptibility of fire. 
This would make the area very hard to extinguish when 
the land is burning. Moreover, medium fire risk areas were 

mostly found in the middle part of the study area, from the 
eastern to the northern parts. The medium fire risk class 
covered about 5621.3 km2 or 32.7% of the whole study 
area. The majority of the class area was under sparse vege-
tation such shrub and bushes. In contrast, around 10,835.3 
km2 or 63.1% of the study area was at low fire risk class. 
The class area was under medium to dense forests. Table 6 
showed the accuracy analysis between the hotspots data 
from the government and our predicted fire risk map. The 
high fire risk class which produced by this study showed 

(c)

Fig. 3   (continued)

Table 6   The accuracy assessment of fire risk zones in this study 
using baseline data in 2021

Fire points Low risk 
area

Moderate 
risk area

High risk area

Number of 
points

30 2 3 25

Percentage of 
points

100 6.6% 10% 83.3%
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the highest perfect match with the hostpot data from the 
government by 83.3%.

As we knew, the human activities were the main con-
tributor on the climate change phenomenon. Thus, our 
climate was not stable anymore. The climate change has 
significantly affected the quality of soil, air, and water. 
According to the authority report for 2019, there were 
about 353 hotspots in the South Sumatra region, which 
were recorded as the worst fire cases for this decade. 
Our study estimated that the drought level in the future 
period would become worse than the current period. 
It was shown by the discrepancy between SPI maps 
of the current and future periods (Figs. 2e-g). The SPI 
value decreased from -1.85 to -2.11. A regional study by 
Alfahmi et al. [44] in Sumatera, Indonesia also obtained 
the negative SPI value which it related to the increasing 
total of hotspots. Also, there was a notable increase in 
future LST value with 6% increment as compared with 
the current period (Figs. 2h-i). This result was consist-
ent with another study in Iraq which forecasted the LST 
raised from 38 to 40.8 ˚C in the future [45]. As a result of 
this circumstance, our study found a significant increase 
of total high fire risk area from 726.4 km2 to 829.6 km2) 
during 2021–2040. Then, it continued to rise from 829.6 
km2 to 944.1 km2 during 2041–2060 (Table 7). The pro-
jected fire risk map of the study area was shown in 
Figs. 3b-c. But, the predicted result was only considered 
if the land use status of the study area did not change or 
changed slightly, as mentioned in a study by Cochrane 
and Laurance [46]. Because the study area was catego-
rized as rural area, we assumed the land use conversion 
was slower.

For moderate fire risk areas sustained an increase dur-
ing 2021–2040, but it slightly reduced during 2041–2060. 
This might be due to the conversion of the area from mod-
erate to high class. On the other hand, the total of low fire 
risk area decreased from 10,835.3 km2 to 10,140.5 km2 dur-
ing 2021–2040 and remained constant during 2041–2060. 
This reduction obviously increased the chance of land fire 
occassions in the study area. Our study had a limitation 
since we could not include the land cover change for the 
projected future fire risk analysis. The analysis of future 
fire risk in the study area might be impacted by ongoing 

deforestation and land cover conversion. The land cover 
conversion would affect the projected fire risk analysis, 
for instance the increment of agricultural lands would 
increase the fires due to the burning biomass, opening 
new lands, and replanting activities [47]. Thus, the poten-
tial increase in fire risk areas was an arduous challenge for 
the authority to arrange an effective policy to mitigate 
land fire issues in the OKI region.

4 � Conclusions

Our study concluded the study area sustained the higher 
risk of fire events in the future periods; 2021–2040 and 
2041–2060 as compared with the current period in 2021. 
The fire risk areas were found to be more concentrated in 
the eastern part of the study area, and it would expand to 
the southern part according to our projected fire risk map. 
The high fire risk areas were indicated as the low NDMI 
values. We highlighted that the land cover conversion 
affected the projected fire risk analysis. The increasing of 
agricultural areas would increase fires due to the burning 
biomass, opening new lands, and replanting activities. 
Therefore, these findings will be beneficial for authorities 
to provide the necessary actions to prevent fires events in 
the study area.
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