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INTRODUCTION
A forest fire, whether caused by natural forces or 
anthropogenic activities, could be an ecological and 
environmental disaster (Kandya et al. 1998; Saigal 
1989). In India, fire affects about 2 to 3 percent 
of the forested area annually, and on average over 
34,000 ha of forests burn each year (Kunwar 2003). 
Fire hazard is the likelihood of a physical event of a 
particular magnitude in a given area at a given time, 
which has the potential to disrupt the functionality of 
a society, its economy, and its environment (Boonchut 
2005). Although fire serves an important function 
in maintaining the health of certain ecosystems, 
fires have become a threat to many forests and their 
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biodiversity (Dennis and Meijaard 2001) because of 
changes in climate and in human use and misuse of 
fire.

The Terai Arc Landscape (TAL) is an ecologically 
important region of the Indian subcontinent and 
is facing the challenges of habitat loss and forest 
fragmentation due to a variety of threats from natural 
(catastrophic) and anthropogenic sources. The most 
prominent threat is human population pressure on 
natural resources and erratic land development 
activities in the region, resulting in the decline of 
forest cover and loss of biodiversity in the TAL 
(Semwal 2005). Parts of the TAL are reduced 
to tenuous linkages that connect relatively large 
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remaining wildernesses, and in some places these 
linkages are being lost and need restoration to halt 
further degradation of these natural habitats. Protect 
the TAL is imperative as the landscape is a mosaic 
of two of the most important tiger (Panthera tigris) 
reserves (Rajaji Tiger Reserve [RTR] and Corbett 
Tiger Reserve [CTR]), and contains the Sonanadi 
Wildlife Sanctuary. Several segments of forested areas 
are under different protection categories. The RTR-
CTR Tiger Conservation Unit (TCU) is one of the 11 
level I TCUs identified on the Indian subcontinent for 
the long-term conservation of tigers (Dinerstien et al. 
1997). This TCU of about 7,500 km2 stretches from the 
Yamuna River in the west to the Sharda River in the 
east. About 30 percent of this TCU is in the protected 
area (PA) network: 820 km2 in Rajaji National Park 
(RNP); and 1,286 km2 in the CTR, consisting of 521 
km2 in Corbett National Park (CNP), 302 km2 in 
Sonanadi Wild Life Sanctuary (WLS), and a 463-km2 
buffer area carved out from the Kalagarh, Ramnagar, 
and Terai west Forest Divisions (FDs). The remainder 
makes up 12 Reserved Forests (RFs) from west to 
east. In contrast with the 521-km2 core area of the 
CNP, which is free from human disturbance, the rest 
of the area is subjected to various types of pressures 
for fuel wood, fodder collection, and grazing, both 
from the Gujjar community living inside the forests 
and from the villages located at the periphery of the 
PAs (Johnsingh and Negi 2003). The Sonanadi WLS is 
one of the prime habitats for Asian elephants (Elephas 
maximus) in the landscape and has been designated 
a tiger nursery. This sensitive area is also not free 
from human disturbances. Though relocation is being 
proposed, about 184 Gujjar households were recorded 
as living inside the sanctuary. There is a dearth of 
scientific studies on these aspects of the FDs. Ninety 
percent of the 750 elephants in northwestern India 
reside in RNP, Sonanadi WLS, CNP, and adjoining 
areas in this Shivalik-Bhabar physiographic zone 
(Johnsingh and Joshua 1994). This is one of the five 
major elephant populations of the country.

Accurate mapping of fire hazard is important to 
help manage and protect critical tiger and elephant 
habitat in the TAL. Remote sensing has considerable 
advantages over a conventional method to map forest 
fire hazard, because of its continuity of coverage over 
large areas. Geographic information systems (GIS) are 

capable of combining different sources of information 
for modeling or mapping. For the optimal utilization 
of remote sensing and GIS to model forest fire hazard, 
however, factors affecting fire spread—fuel type, 
terrain, and human access—need to be studied. Yet 
this type of research is generally lacking in the tropical 
region compared to other regions (Darmawan et al. 
2001).

Monitoring techniques based on multispectral 
satellite-acquired data have demonstrated potential 
as a means to detect, identify, and map fire danger in 
vegetation. Fire danger estimation demands frequent 
monitoring of vegetation stress. Vegetation moisture 
is a particularly difficult parameter to estimate as it 
accounts for little spectral variation with respect to 
other environmental factors (Cohen 1986).

In the present study maximum entropy (Maxent) 
(Phillips et al. 2006) was used due to its predictability 
and reliability. The objectives of this study were to 
generate fire prediction models to 1) predict potential 
fire occurrence areas using environmental variables in 
the TAL and 2) identify key environmental variables 
associated with fire occurrence and areas where fires 
are likely to occur.

MATERIALS AND METHODS
Study Area
The study was carried out in the Terai Arc Landscape 
of the Uttarakhand Himalayas (fig. 1) (28°43'29" to 
30°30'18" North latitude and 77°34'54" to 80°19' 29"  
East longitude), located in north India, and covers 
an area of about 20,223 km2. The area has an uneven 
topography, with elevation ranging from 103 m to 
3,069 m. The Lansdowne, Ramnagar, Haldwani, Terai 
west, Terai central, and Terai east Reserved FDs are 
the important RFs in this portion of the study site.

The TAL has been identified as a priority landscape 
by the World Wildlife Fund (WWF) Tiger Action 
Plan 1 and the WWF AREAS programs. The “Terai-
Duar Savannas and Grasslands” are also a Global 200 
Ecoregion. The total area of the landscape is about 
49,500 km2, of which 30,000 km2 lies in India. There 
are 13 PAs on the landscape, from the easternmost 
Parsa Wildlife Reserve in Nepal to Rajaji National 
Park to the west in India, which were established to 
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Figure 1—Location map of study area.

protect 3 of the 5 terrestrial flagship species identified 
by WWF: tiger, Asian elephant, and the greater one-
horned rhinoceros (Rhinoceros unicornis). The TAL 
represents one of the densest populations of tigers in 
the world. The TAL is in the upper Gangetic Plain 
biogeographic zone 7, and vegetation is mainly of the 
tropical moist and dry deciduous type. The forests 
are made up of many economically important species 
such as Shorea robusta, Dalbergia sissoo, Terminalia 
tomentosa, and Acacia catechu. The Gangetic Plain 
is also characterized by tall grasses such as Themeda, 
Saccharum, Phragmites, and Vetiveria species. Both 
these elements (fauna and flora) of the TAL are of 
global ecological and local economic significance. 

Datasets
The data used were Landsat 8 for November 21, 
2013 (30-m spatial resolution), the Survey of India 
toposheet on a 1:50,000 scale with 20-m contour 
intervals, Cartosat digital elevation model (30-m 

resolution), and WorldClim bioclimatic data, ver. 
1.4 (environmental variables; http://www.worldclim.
org/bioclim.htm) (Hijmans et al. 2005). TRIMBLE® 
(Sunnyvale, California) JUNO® global positioning 
system was used for field purposes. Fire data for 2000 
through 2014 were collected from the State forest 
department in the form of a point shape file. The 
digital boundary of the TAL was collected from IT 
Cell, Uttarakhand Forest Department, PA management 
plans, and work plans of divisions in the TAL. 

Software Used 
Erdas Imagine 2013 (DataONE, Albuquerque, NM) 
was used for digital image processing work and 
ArcGIS 10.1 (Esri®, Redlands, California) was used 
for map composition. For data analysis, we used 
Maxent and DIVA-GIS software, ver. 2 (Hijmans 
et al. 2002) for reducing spatial autocorrelation 
and ENMTools (Warren et al. 2010) for checking 
multicollinearity between predictor variables.
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Environmental Fire Predictors
For inputting spatial data into GIS, we created resource 
maps using remote sensing, coupled with limited 
ground checks. The forest-type layer was generated by 
using a supervised classification approach in which 30 
training sets were taken from Google Earth as ground 
control points. The forest cover map was generated 
using an unsupervised classification approach used for 
vegetation density mapping using Erdas Imagine 2013 

software. The study area was classified into 50 spectral 
classes using an unsupervised image classification 
approach. Eventually the vegetation of the study area 
was stratified into four major types on the basis of 
density (table 1) as per the fundamental criteria of the 
Forest Survey of India (FSI 2013). Slope, aspect, and 
elevation maps were generated from the Cartosat 30-m 
digital elevation model using a boundary vector layer 
in ArcMap 10.1.

Climate variable Code Source Type

Bio 1 = Annual Mean Temperature Bio1

Worldclim continuous

Bio 2 = Mean Diurnal Range (Mean of monthly [maximum  
            temperature – minimum temperature]) Bio2

Bio 3 = Isothermality (P2/P7) × 100 Bio3
Bio 4 = Temperature Seasonality (standard deviation × 100) Bio4
Bio 5 = Max Temperature of Warmest Month Bio5
Bio 6 = Min Temperature of Coldest Month Bio6
Bio 7 = Temperature Annual Range (P5–P6) Bio7
Bio 8 = Mean Temperature of Wettest Quarter Bio8
Bio 9 = Mean Temperature of Driest Quarter Bio9
Bio 10 = Mean Temperature of Warmest Quarter Bio10
Bio 11 = Mean Temperature of Coldest Quarter Bio11
Bio 12 = Annual Precipitation Bio12
Bio 13 = Precipitation of Wettest Month Bio13
Bio 14 = Precipitation of Driest Month Bio14
Bio 15 = Precipitation of Seasonality (Coefficient of Variation) Bio15
Bio 16 =Precipitation of Wettest Quarter Bio16
Bio 17 =Precipitation of Driest Quarter Bio17
Bio 18 =Precipitation of Warmest Quarter Bio18
Bio 19 =Precipitation of Coldest Quarter Bio19

Elevation (m) elevation Cartosat digital 
elevation model (DEM) continuous

Slope (°)  
Aspect (°)

Slope  
Aspect

Calculated from 
Cartosat DEM continuous

Distance to the nearest village/ tribal settlement (m) D2v Field data GPS location continuous

Distance to the nearest water source (m) D2d Survey of India (SOI) 
toposheet continuous

Distance to the nearest watch station (m) D2wt Field data GPS location continuous

Distance to the nearest road (m) D2r SOI-toposheet continuous

Actual evapotranspiration AET CGIR continuous

Table 1—Predictor variables tested for prediction modeling of fire in the Terai Arc Landscape.

(continued on next page)
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Climate variable Code Source Type

Aridity index AI Index CGIR continuous

Population density Population density Diva GIS continuous

Forest cover type
1 = Very Dense Forest

fcm Satellite data categorical

2 = Moderately Dense Forest
3 = Open Forest
4 = Scrub
5 = Water
6 = Nonforest

Forest type
1=Tropical Moist Deciduous

ftm Satellite data categorical
2=Dry Deciduous
3=Northern Subtropical Broadleaved
4=Himalayan Temperate Forest

Table 1 (continued)—Predictor variables tested for prediction modeling of fire in the Terai Arc Landscape.

Road network and drainage network layers were 
digitized from the Survey of India toposheet at 
1:50,000 scale using ArcMap 10.1. The GPS location 
of the habitation and forest watch station was collected 
from field visits. Initially 19 bioclimatic variables from 
the WorldClim database were considered. A subset 
of Bioclim 30-m resolution of study area was clipped 
using the boundary vector layer in ArcMap 10.1.

Fire Occurrence Data 
Fire incidence data from 2000 through 2014 were 
compiled by assessing the distribution of fire in 
the TAL as recorded by the forest department in 
Uttarakhand. Over the 15-year period, a total of 7,833 
fires were reported in the TAL, of which 2,184 fires 
occurred in PAs (RNP and CTR). For the present study 
only 200 spatiotemporally independent fire locations 
were used for model building. The spatiotemporally 
autocorrelated fire locations were removed after testing 
using DIVA-GIS, ver. 2 (Hijmans et al. 2002). Only 
one location per 1-km grid cell was used if more than 
one observation was clustered in a grid (i.e., to avoid 
autocorrelation with a low sample size) (Pearson et al. 
2007; Phillips et al. 2006).

Environmental Variables
A series of bioclimatic environmental variables 
obtained from the WorldClim database, ver. 1.4  
(http://www.worldclim.org/bioclim.htm) (Hijmans 
et al. 2005) were selected. These metrics are 
derived from monthly temperature and rainfall data 
and represent biologically meaningful variables 
for characterizing a species’ range. Thirty-one 
environmental variables were used. These included 
11 variables for temperature and 8 for precipitation, 
expressing spatial variations in annual means, 
seasonality, extreme or limiting climatic factors, 
and elevation-interpolated climate surfaces at a 
resolution of 1 arc-second, or approximately 30 m × 
30 m (derived from monthly temperature and rainfall 
records worldwide) (Hijmans and Graham 2006; 
Hijmans et al. 2005). Elevation data were used to 
generate the slope and aspect data layers. The forest 
density cover and forest type layer were generated 
from satellite data. All the spatial data layers were 
created at 30-m spatial resolution using the nearest 
neighbor resampling technique using Erdas 2013 and 
ArcGIS 10.1 software. ENMTools ver. 1.3 (Warren et 
al. 2010) was used to test multicollinearity between 
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predictor variables. The ENMTools output matrix of 
Pearson Correlation Coefficients (r) was used, and 
variables with r greater than 0.7 were removed from 
the model building.

Fire Modeling
The Maxent software package, ver. 3.3.3.e  
(http://www.cs.princeton.edu/~schapire/maxent/) 
(Phillips et al. 2004) was used for fire prediction 
modeling. Maxent implements a maximum entropy 
algorithm, which generates a probability distribution 
map of similar conditions across the landscape 
considering the characteristics of the GPS-defined 
occurrence locations (Elith et al. 2011; Phillips et al. 
2006). Maxent is a machine learning algorithm used to 
predict robust ecological niches of a species, based on 
presence records, even when only a few are available 
(Elith et al. 2006; Kumar and Stohlgren 2009; Papeş 
and Gaubert 2007; Phillips et al. 2006). This model 
has an advantage where presence and absence data are 
limited (Elith et al. 2006; Phillips and Dudík 2008). 

Model Parameter Settings
The maximum number of background points was 
5,000 and linear, quadratic, and hinge features 
were used (Phillips and Dudík 2008). One hundred 
replicates were run for model building (Flory et al. 
2012) and the occurrence locations were partitioned 
randomly into two subsamples, using 75 percent of the 
locations as the training dataset and the remaining 25 
percent for testing the resulting (partitioned) models. 
The accuracy of the model was evaluated using the 
area under the curve (AUC) of a receiver operating 
characteristic (ROC) plot (ranging from 0.5 = random 
to 1 = perfect discrimination). A jackknife procedure 
was adopted to assess the variables’ importance (Yang 
et al. 2013). The average of 100 model predictions was 
used to produce a probability map of fire occurrence. 
The other settings for the default model parameters 
and values were used.

RESULTS
The Maxent model predicted hazard maps of fire based 
on available datasets with a mean training AUC value 
of 0.926 ± 0.016 and mean testing AUC value of 0.888 
± 0.013, indicating the model’s high discrimination 

capacity. The model performed well, with a low 
omission rate at a 10-percent threshold (p < 0.0002). 
A fire probability map was generated from the model 
output where the values of fire probability range from 
0 to 1 (fig. 2). The classified predicted occurrence map 
(fig. 3) shows good discrimination between high fire, 
marginal fire, and no fire areas. High and marginal 
fire areas covered 7.32 percent and 60.40 percent, 
respectively, of the total study area. Based on a 
10-percent training presence logistic threshold, values 
below 0.2 were categorized as no fire areas. All values 
above 0.6 were categorized as high fire and those 
between 0.2 and 0.6 as marginal fire areas.

The classified predicted occurrence map showed 
that 23.06 percent of the CTR area was in the high 
fire category and 65.55 percent of the area was in 
the marginal fire category. Similarly, for RNP, 18.04 
percent of the total area was in the high fire category 
and 79.0 percent of the area was in the marginal fire 
category.

Response curves showed how each environmental 
variable responded to predicted areas, both for each 
variable and its correlation with other variables. The 
results demonstrated that fires occur in dry deciduous 
forests (forest type 2) more than other forest types.

The Maxent program estimates the relative 
contribution of environmental variables in model 
development. Forest type, forest cover, precipitation 
in the wettest month, and distance to the closest 
village contributed the most, with 22.6 percent, 20.5 
percent, 12.6 percent, and 8.2 percent, respectively. 
In terms of permutation importance, however, 
mean temperature of the coldest quarter, distance 
to settlement, precipitation in the wettest month, 
elevation, and precipitation in the driest quarter had 
the highest values: 14.4 percent, 11.1 percent, 8.7 
percent, 8.3 percent, and 8.3 percent, respectively (fig. 
4). The environmental variable with the highest gain 
when used in isolation is distance to settlement, which 
therefore appears to have the most useful information 
by itself (fig. 5). The environmental variable that has 
the largest effect when omitted is forest type, which 
therefore appears to have the most information that is 
not present in the other variables. 
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Figure 2—Predicted fire hazard map from low to high probability value.
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Figure 3—Classified predicted fire hazard map.
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Figure 4—Percent contribution and permutation importance of predictor variables. See table 1 for explanations of codes for 
variables.

DISCUSSION
The study predicted the potential areas of fire 
occurrence in the TAL of the lesser Himalayas, India 
based on available presence records. The output of this 
model can be used to assist conservation planning and 
serve as a benchmark for future collection of presence 
and absence data on fire. Maxent models only identify 
regions with similar environmental conditions to 
occurrence localities across the species distribution 
range (Pearson et al. 2007). Forest type plays an 
important role in predicting the occurrence of fire, and 
the model output and previous field surveys revealed 
that the occurrence of fire in dry deciduous forest 
having canopy density between 40 and 70 percent 
and located near a village or other settlement is high 
compared to other areas. The variation of fire with 
elevation showed that the probability of fire was high 

up to an elevation of 2,000 m. Sizable anthropogenic 
disturbances in the study area were observed during 
the field visit, and the model also predicted high 
probability of fire in the forest areas near settlement 
locations. 

The model predicted three categories of fire 
occurrence areas under high (1,481 km2), marginal 
(12,218 km2), and no fire (6,524 km2) in the TAL. The 
model predicted that 10 percent of the total area with 
predicted potential fire was inside the protected area 
network.

The Maxent software is user-friendly and has a 
good ability to predict forest fires. The high fire 
areas predicted in our study should be used as a base 
map for management of fire. This study exemplifies 
the usefulness of prediction modeling of forest fire 
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Figure 5—Jackknife of area under the curve (AUC) for fire. See table 1 for explanations of codes for variables.

and offers a more effective way for management of 
forest fire. The results of this study can be used for 
preparatory planning for mitigation and management 

of forest fires in the TAL. Overall, this study depicts 
a model for conservation of biodiversity, which is 
beneficial for both wildlife and human beings.
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