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Abstract 14 

The present study has been carried out to assess the spatial behaviour of forest fire 15 

count (FFC) data and Climate Forecast System Reanalysis (CFSR) derived meteorological 16 

parameters in Uttar Pradesh to explore the linkages amongst them. Ten years (2005 to 17 

2014) of forest fire event data and of meteorological data have been analysed using GIS 18 

overlay, ordinary least square (OLS) regression, increment ratio (IR) and combination 19 

matrix analysis (CMA) to find spatial congruence and causal linkage between FFC and 20 

meteorological variables. The results show that approximately 80% of total forest fires 21 

occur in March & April only. And, at ten days interval, 65% FFCs were recorded from 21 22 

March to 20 April only. With OLS and IR methods, we found a linkage between FFC and 23 

rainfall, relative humidity, solar radiation, and temperature. In contrast, CMA indicated a 24 

periodicity in the FFCs of the highest category. 25 

 26 

Keywords: Forest Fire – meteorology linkage, Overlay Analysis, Ordinary least square 27 

regression, Combination matrix analysis, CFSR, Uttar Pradesh  28 

Introduction 29 

Forest fire is the worldwide phenomenon affecting forest structure, composition, plant 30 

species redistribution, etc. ( Randerson et al., 2006; Bowman et al., 2009). During the last 31 

couple of decades, increase in the number and intensity of forest fire at an alarming level 32 

on all vegetative continents have raised the question on control and mitigation of this 33 
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anthroponatural phenomenon and our incomplete understanding of causes, effects, and 1 

feedbacks of fires (Flannigan et al. 2000, Westerling 2006). Though forest fires have been 2 

thought to be linked to changing climatic scenarios over the globe, and the linkage 3 

between what causes increased forest fire activities and changing climate and vice versa 4 

have been under continuous inquiry (Flannigan et al. 2000). Still, the need to study the 5 

causal relationship between weather elements and components of a forest fire at 6 

regional to local levels in changing climate scenarios is required to understand the causal 7 

linkage better. Forest fire ignitions are either set by natural phenomena like lightning 8 

(Krawchuk et al. 2006, Renkin & Despain 1992), volcanic eruptions (Ainsworth & Boone 9 

Kauffman 2008), vegetation cover and topography (Kanevski and Pereira 2017), and 10 

anthropogenic drivers like forest clearing (Nepstad et al. 2008, Cochrane 2003), 11 

population pressure (Laurance et al. 2001, Beniston 2003), population density and 12 

socioeconomic activity (Westerling 2016). This further need for a study of “climate - 13 

forest-fire” linkage is evident from the even very recent researches in the field of 14 

pyrogeography  (Read et al. 2018, Conedera et al. 2018). For example, Flannigan et al., 15 

(2013) suggest that increasing boreal forest fires may not be accelerating climate 16 

warming. However, several studies indicate a correlation between increasing fire events 17 

and changing climatic parameters (Bradstock 2010,  Liu & Wimberly 2016, and references 18 

therein). The study by Hernandez et al. (2015) vindicates “strong control of the wildfire 19 

activity by the concomitant weather” and leaves no doubt about the relationship 20 

between fire activity and weather elements. A large number of researches establishing 21 

linkage between meteorological parameters and various components of forest fire 22 

regime (Flannigan & Harrington 1988, Stocks et al. 2002). Still, there are studies like the 23 

one by Flannigan et al. (2013) which reinstates and revokes the need to reinvestigate the 24 

climate-forest-fire relationship further. The relationship of various parameters of climate 25 

and forest fire is performed using different components of forest fire regime as the 26 

independent variables. 27 

 28 

Forest fires have been widely occurring in almost all the vegetation-covered regions of 29 

India (Joseph et al. 2009). Total carbon storage in Indian forests has been estimated to in 30 

1.9-4.1 PgC (Ravindranath, et al. 1997). It is being noticed that fire events have been 31 

increasingly recorded in the forested areas with fluctuating climatic parameters at 32 
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different temporal scales. Ahmad and Goparaju (2018) have presented an analysis of 1 

forest fire and climatic parameters at different temporal scales in the state of Odisha, 2 

India and found significant relationship between climate events and meteorological 3 

parameters. Most of forest fire studies in different parts of India have focused on fire 4 

frequencies, fire coverage and the correlation between meteorological parameters and 5 

fire frequencies, fire risk assessments and their modelling (Habib et al. 2006, Badarinath 6 

et al. 2011, Ahmad & Goparaju 2017, Prasad et al. 2008, Joseph et al. 2009, Kiran Chand 7 

et al. 2006, Kodandapani et al. 2004, Chand et al. 2007, Jaiswal et al. 2002, Erten et al. 8 

1996). Even with the forest fire studies focussing on different parts of India, the fires and 9 

its relationship with various meteorological parameters’ fluctuations are poorly 10 

understood and no studies have been found which attempted to explore this relationship 11 

in some parts of the highly vegetated regions like Uttarakhand and Uttar. 12 

Despite long held appreciation of forest fire and anthropoclimatic relation with 13 

flammability at global as well as local scales, global forest fire activities have started to 14 

only been revealed during 1980s with the global coverage of satellite observations (Arino 15 

et al. 1999). The advancement in satellite data technology has provided earth science 16 

communities working in the field of pyrography with a set of satellite data products viz. 17 

ATSR-2, MODIS fire products, CALIPSO, AVHRR fire products, etc. (Tansey et al. 2008, 18 

Nogueira et al. 2017, Kahiu & Hanan 2018, Laurent et al. 2018). The pyro-satellite 19 

products and technology are still in advancement phase and are being modified in order 20 

to achieve “near real time fire alarm information system” using satellite products and 21 

models. 22 

 23 

The present study aims at:  24 

1) spatially analysing forest fire count (FFC)/density (FFD) at annual, seasonal, and 10-day 25 

intervals to work out the fraction of the forest fire season during which different 26 

categories of FFCs occur; 2) assessing the trend of different meteorological parameters 27 

viz. temperature, rainfall, relative humidity, and solar radiation at the same 10-day 28 

interval and find out any trend in spatial congruence of the FFC/ or FFD clustering (spatial 29 

congruence can be defined in terms of geometrical overlaying of the areas of one 30 

parameter over another, here in this study, area of high FFC and different meteorological 31 
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parameters); and 3) finding out relationship (if any) between different meteorological 1 

parameters and forest fire frequencies, in Uttar Pradesh state of India.  2 

 3 

Study Area 4 

The state of Uttar Pradesh has been selected for the study of forest fire events starting 5 

from 2005 to 2016 because no studies connecting FFCs and meteorological parameters 6 

have been conducted here (see figure 1). Areal coverage wise, Uttar Pradesh (total area 7 

of 243290 km2) is India’s fourth-largest state. Situated on the northern spout of India, it 8 

shares its northern international boundary with Nepal. The Himalayas border the state 9 

on the north, but the plains that cover most of the state are distinctly different from 10 

those high mountains. It lies between latitude 23°52'8.71"N to 30°24'44.60"N and 11 

longitude 77°25'52.28"E to 84°40'25.14"E. Uttar Pradesh has a humid subtropical climate 12 

and experiences four seasons. The winter in January and February is followed by summer 13 

between March and May and the monsoon season between June and September, the 14 

autumn season fall between October and December. In 2011 the recorded forest area in 15 

the state was 16,583 km2 which is about 6.88% of the state's geographical area (Forest 16 

Survey of India, Ministry of Environment & Forests, Government of India, 2012). Almost 17 

all of these forested areas confine themselves to parts of the state with low annual 18 

rainfall (50–70 cm), a mean annual temperature of 25–27 °C and low humidity. 19 

 20 

The state has 1,626 km2 under very dense forest, 4,559 km2 under moderately dense 21 

forest and 8,153 km2 of area under open forest (ISFR 2011, Govt. of India). Main 22 

vegetation types of this region are Tropical Moist Deciduous Forest, Tropical Semi-23 

Evergreen Forest, Dry Deciduous Forest and Swamp and Riparian Forest As per the 24 

satellite data derived land use/ land cover (LULC) data, Uttar Pradesh, as of October-25 

December 2015, hosts about 14,679 km2, 6.09% of its geographical area, as forest cover. 26 

In terms of forest canopy density classes, the state has 2,617 km2 (26.78%) under very 27 

dense forest, 4,069 km2 (32.90%) under moderately dense forest and 7,993 km2 (40.32%) 28 

under open forest (see supplementary figure 3). Areas with most of the forest cover, 29 

delineated as forest clusters and designated as A to E (see supplementary figure 2) have 30 

been selected for analysing the linkages between forest fire and meteorological 31 
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parameters. The forest cover percentage share in different districts of the study area 1 

(see figure 3b) has helped to delineate the clusters. 2 

 3 

Materials and Methods 4 

Database 5 

In the present study, two types of data have been used. The first data is the forest fire 6 

count (FFC) data acquired from Forest Survey of India (http://fsi.nic.in/forest-fire.php), 7 

second data is the meteorological CFSR data (daily time series) in comma separated 8 

values (.csv) file format which was downloaded from the NCEP 9 

(globalweather.tamu.edu). These two datasets have been imported into GIS 10 

environment and overlaid to the state and district boundaries downloaded from DIVA-11 

GIS (http://www.diva-gis.org/Data). A brief discussion of the characteristics of all data 12 

sets used is presented below. 13 

Forest Fire Data 14 

We have acquired FFC stored in MS-Excel (.xls file) format for the 11-year period starting 15 

from 2005 to 2016. The data obtained from Forest Survey of India (FSI), Ministry of 16 

Environment, Forest and Climate Change (MoEFCC), Govt. of India incorporates a 17 

number of information related to forest fire events including: 1) fire event date; 2) 18 

locational information in terms of latitude and longitude; and 3) Survey of India 19 

toposheet number in which that fire event occurred. The locational information available 20 

in the data sheets helped to convert the fire data into vector file. For the present study 21 

area, the FFC provided on the FSI Portal is available for the period 1995 to 2016, but the 22 

meteorological data used in this study is available only up to 2014. The fire data set 23 

before 2005 shows two characteristics viz. a) very few fire events recorded during the 24 

period 1995 to 2004, and b) inconsistency in data records, hence we chose to truncate 25 

the forest fire data from 2005 to a maximum up to 2014 for this study. FFC data 26 

distribution at yearly, monthly, (see figure 4a & 4b) and at 10-day interval has been used 27 

(see figure 5) for spatial appraisal of fire events and how FFCs change over time in the 28 

study area. 29 

 30 
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 1 

Meteorological Data 2 

The CFSR data, developed at the National Center for Environmental Prediction (NCEP), an 3 

American centre working under the National Oceanic and Atmospheric Administration 4 

(NOAA), delivers national and global weather, water, climate and space weather 5 

guidance, forecasts, warnings and analyses for the various Partners and External User 6 

Communities. According to Saha et al., (2014), the revised CFSR data includes certain 7 

enhanced and new features like (i)  the guess fields at 6-h forecast from a coupled 8 

atmosphere-ocean climate system which also has an interactive sea ice component; (2) a 9 

higher horizontal resolution (~38 km) for the atmosphere as compared to its previous 10 

atmospheric reanalyses dataset; and (3) assimilation of satellite radiances instead of 11 

retrieved temperature as well as humidity values. The CFSR is also enhanced using the 12 

observed greenhouse gas (GHG) concentrations, aerosols, solar variations; and 13 

assimilates hydrological values from a parallel land surface model derived by forcing the 14 

Climate Prediction Center (CPC) from NOAA’s closely confined rainfall analysis (Xie et al. 15 

2010). 16 

 17 

The CFSR daily data have been acquired in the .csv file format from Global Weather Data 18 

for SWAT portal (http://globalweather.tamu.edu). The meteorological parameters 19 

extracted from the CFSR data used in this study include: 1) Temperature (in °C), 2) rainfall 20 

(in cm), 3) relative humidity (fraction), and 4) solar radiation (MJ/m2). A total of 11 year 21 

(2005 to 2014) data for 226 weather stations (Table no. 01) of CFSR covers the entire 22 

study area. The CFSR data acquired in .csv file format have also been exported to vector 23 

file format (.shp file format) for geospatial assessment of all the meteorological 24 

parameters. All the CFSR data files were available station wise and we have downloaded 25 

data for 226 stations. The downloaded files for all 226 stations were clumped into one 26 

file using query with station IDs and meteorological parameters. The clumping algorithm 27 

was performed with a python script illustrated in the figure (2). This combined dataset 28 

was used as kriging interpolation input to have spatial appreciation of all the 29 

meteorological variables over the entire study area. The meteorological parameters have 30 

also been interpolated spatially, at 10-day intervals and are shown in figures 6(a - d). For 31 



7 
 

better understanding of monthly and yearly trend, the graphs presented in figures 7 (A – 1 

D) has been prepared. 2 

 3 

GIS Data 4 

The zero level to second level of administrative divisions has been used in the present 5 

study. Administratively, the GIS vector data used was up to second level i.e. district-level 6 

boundaries to match the forest fire data levels which was also available up to district 7 

level. The first and second level GIS data was downloaded from DIVA GIS 8 

(http://www.diva-gis.org/Data) and was further validated and updated with details 9 

obtained from Census of India atlas of year 2011 (http://censusindia.gov.in/2011-10 

Common/CensusData2011.html). Forest cover and vegetation type data were acquired 11 

freely from Open Street Map Portal (https://www.openstreetmap.org/) and Forest 12 

Survey of India Report 2017 for Uttar Pradesh (http://fsi.nic.in/isfr2017/uttar-pradesh-13 

isfr-2017.pdf). Forest cover distribution in the study area is shown in the supplementary 14 

figure (2) and district wise forest coverage is presented in figure (3b). 15 

Methodology 16 

Data Preprocessing 17 

At first, the bulky CFSR data was simplified using the Python script (see figure 2), so that 18 

it can be analysed further in GIS and statistical environments. The program selects the 19 

variables from a single data on basis of provided keywords common to all the data files 20 

in the script and runs the loop till all the data in the last file is stored and arranged in one 21 

single file as per the script code. Two of the common parameters available and selected 22 

from among all the files are data type and location. The script has utilized the Panda 23 

platform which is an open source software package comprising of BSD-licensed library 24 

and provides high-performance, easy-to-use data structures and data analysis tools for 25 

the Python programming, for analyse and finalize the data. It is a powerful and flexible 26 

toolkit to perform data analysis / manipulation (McKinney and Team 2015).  27 

The GIS data used here have been projected with the following specification listed in the 28 

table (1). 29 

 30 

 31 

 32 
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Spatial Pattern Analysis using GIS Overlay Approach 1 

The CFSR datasets and forest fire points were visualized and spatially analysed with 2 

different approaches and techniques in ArcGIS software package. Forest fire density 3 

(FFD) was computed from the FFC data using the formula presented in equation (1):  4 

��� =
�����	������	����	������	������	���������	��	�	��������

�����	������	�����	����	��	���	��������	��	����
       (Equation. 1) 5 

Since FFC and FFD data have shown to reveal the same ordering pattern of areas 6 

delineated by clusters B, E, and A which have covered most of the forest cover in the 7 

study area, except inverse ordering pattern for sparse, less forested clusters viz. clusters 8 

C and D, we have used FFC data for GIS and statistical analyses in our pursuit of finding 9 

linkage (see tables 2 and 3). To analyse the spatial pattern of forest fire events, the point 10 

density tool of spatial analyst toolbox was utilized while for showing the trend of 11 

meteorological parameters the kriging interpolation technique of the same toolbox was 12 

used. Kriging is a regression technique used in geostatistics to approximate or 13 

interpolate data and is also used in reproducing kernel methods e.g. splines and support 14 

vector machines. The ordinary kriging (OK) works as per the following equation (2): 15 

 16 

Z�(S�) = ∑ λ�Z
�
��� (S�)      (Equation. 2) 17 

 18 

where Z(S�) is the measured value of different parameters used at the ith location, λ� is 19 

an unknown weight for the measured value at the ith location, S� is the prediction 20 

location, and N is the number of measured values. The OK in the ArcMap 10.3 version’s 21 

Spatial Analyst Tool works based on method developed by Cressie, (1992). 22 

 23 

Finally, the forest fire count (FFC) vector information was visually overlaid to the 24 

meteorological parameters vector data to assess the spatial pattern of clusters of low 25 

and high values fractionated at 10-day temporal interval in order to see the of 26 

relationship among all the independent meteorological variables to the forest fire 27 

variable. Overlay algorithm is a GIS operation that is performed by superimposing 28 

multiple vector as well as raster data layers (representing different themes) together 29 

over one another for the purpose of identifying relationships between them. An overlay 30 
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presents a composite picture of the story by combining the geometry and attributes of 1 

the input data sets. The basic principles working in this operation are identity, intersect, 2 

symmetrical difference, algebraic union and geometry updation. 3 

 4 

Statistical Analysis 5 

In order to find relationship between forest fire density (FFD) and meteorological 6 

variables, Ordinary Least Squares (OLS) regression has been used which is one of the 7 

standard methods to assess the relationship between a dependent variable and a group 8 

of independent variables. The OLS works based on the equation (3) expressed as:  9 

� = �� + ∑ ���� + �
�
���      (Equation.3) 10 

 11 

Where � is the dependent variable, ��, is the intercept of the model, ��  corresponds to 12 

the jth explanatory variable of the model (j= 1 to p), and e is the random error with 13 

expectation 0 and variance σ². After running the model, it has been examined from 6 14 

perspectives: 1) model performance, 2) each explanatory variable behaviour, 3) model 15 

significance, 4) stationarity, 5) model bias, and 6) spatial autocorrelation or Moran’s I 16 

statistics as it’s been suggested by Getis & Griffith, (2002) and Shumway & Stoffer, 17 

(2006) the results for which are explained in the results and discussion section. 18 

Lastly, we have computed annual increment in the meteorological parameters to see 19 

whether any logical pattern in relationship is found between the forest fire density per 20 

annum and incremental values of each meteorological parameter. For computation of 21 

percentage annual increment in values of met parameters, we have applied the formula 22 

expressed by equation (4):  23 

�� =
(�������)

����
× 100      (Equation. 4)  24 

where �� = ���������	����	(��	%), �� = 	�����	��	���	���������	��	�ℎ�	����	(�)	 25 

and ���� = �����	��	�ℎ�	���	���������	��	�ℎ�	���������	����	(� − 1)  26 

Percentage IR values of all the met parameters for entire 11 year period (2005-2014) 27 

were plotted with relation to the forest fire count data (see figure 8 and supplementary 28 

table 3). 29 

 30 

 31 
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Choosing the Most Appropriate Trendline 1 

For finding the most appropriate trend in the forest fire and meteorological data in order 2 

to see the relationship, we relied on getting a trendline of the FFC/or FFD as well as met 3 

parameters which shows most reliable data trend with the R-squared value approaching 4 

1 or near 1 (Hales et al., 1999; Grassini et al., 2013; Posavec et al., 2006). Most of the 5 

forest fire or meteorological data used were best fit with polynomial function with 2 or 6 

more orders (see figures 3a, 3b, and 7A to 7D). A polynomial trendline is a curved line 7 

that is used when data fluctuates (Paniello et al. 2011). The order at which the 8 

polynomial function best fits determines the fluctuations in the dataset i.e. how many 9 

bends (hills and valleys) appear in the curve best fit trendline are representative of 10 

polynomial order. A second order polynomial, for example, trendline generally has only 11 

one hill or valley, a third order polynomial function generally displays one or two hills or 12 

valleys and next orders follow the same suite. This method helps to compare the trend of 13 

rising or falling behaviour of values of FFC/ FFD and met parameters over the study 14 

period. 15 

 16 

Combination Matrix Analysis (CMA) 17 

The combination matrix analysis method is used in many fields of research to deduce 18 

possible combination of linked parameters and helps in classification. There are two 19 

types of CMA: 1) quantitative CMA; and 2) CMA qualitative. Quantitative CMA is a 20 

mathematical technique which helps to identify which possible combination of 21 

independent variables are related to specific value range of dependent variables and 22 

helps in permutation-combination analyses. Qualitative CMA is the method of finding 23 

out best suited combinations of independent variables to the corresponding dependent 24 

variable and is frequently used in classification studies and probability functions. There 25 

are studies which have used descriptive or qualitative as well as non-descriptive or 26 

quantitative CMA techniques depending upon their objectives (Deumlich et al. 2006, 27 

Lasaponara et al. 2004, Murthy et al. 2016, de Araújo et al. 2012) . We have applied CMA 28 

descriptive/qualitative methods for five forest cover distribution clusters selected for 29 

analysing the FFC classes and associated meteorological parameter combinations by 30 

using combination matrix method used by Thackway et al. (2008), Ferreira (2000), and 31 

Becerril-Piña et al. (2015). Like Ferreira (2000) and Said Guettouche & Derias (2013), we 32 
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have sorted combinations of meteorological conditions associated to each class of FFC 1 

categories for each cluster of forested areas. For each FFC class (see table 2 for values of 2 

different FFC and meteorological parameters classes used in derivation of combination 3 

matrix), different cluster-representative meteorological values are set. An arrangement 4 

of all set of values of different parameters (meteorological parameters here) associated 5 

with a parameter (FFC here) is defined as combination matrix in this work. Different set 6 

of meteorological parameters associated with different classes of FFD for each cluster is 7 

given in supplementary table (2a to e) (given as supplementary table 2). This method 8 

also helped to delimit the fire seasonality peak periods and its associated meteorological 9 

parameter combinations. 10 

 11 

Result and Discussion 12 

Forest Cover and Forest Fire Count (FFC)/Density (FFD) Distribution 13 

GIS overlay analysis has helped to delineate 5 clusters of most forest coverage in 14 

congruence with most of the FFCs in the study area have been recorded by the Forest 15 

Survey of India (FSI). The clusters have been designated as A, B, C, D, and E (see 16 

supplementary figure 2). In an attempt to find out spatial congruence, we first looked for 17 

cluster wise areas studded with forest covers. And this work shows that Cluster-B has largest 18 

coverage of forest (48503km2), with 20694 km2 of forest coverage, Cluster-E stands at the 19 

second. Clusters D (17772 km2), A (12258 km2) and C (10709 km2) stood on third fourth and 20 

fifth rankings respectively (supplementary figure 2 and tables 3 and 4). Price & Bradstock 21 

(2014) have found that larger the vegetated to non-vegetated ratio in an area, the larger is 22 

the possibility for a large number of fire event counts. This relationship has been found valid 23 

in our study area in clusters (B, E and A) with maximum forest cover and larger forest fire 24 

counts. Exceptions to this may be because of other factors like dominant vegetation type, 25 

other social, economic, cultural and topographic drivers triggering fire events in clusters C 26 

and D.  27 

Lakheempur Kheri is the district with maximum recorded forest fires from 2004 to 2015. 28 

Sonbhadra and Pilibhit are placed on second and third place respectively after Kheri in terms 29 

of recorded forest fires. Lakheempur Kheri, also, stands on first place for the maximum 30 

share (3.19%) of forest cover in the state following by Sonbhadra (2.87%), Hardoi (2.48%) 31 
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and Sitapur (2.38%). Cluster wise, the FFC recorded in the study area are given in the table 1 

(2) along with the corresponding forest coverage in each cluster. We found that except for 2 

cluster D, the FFC values are highest in clusters with highest FC areas and the same it found 3 

to be true in case of lowest values of FFC/FFD and FC (see tables 2 & 3) which maybe 4 

because of non-linearity in the relationship between FFD and FC variables as well as human 5 

set fire ignition triggers which depend upon a number of social, cultural, economic and 6 

other factors (Ganteaume et al. 2013, You et al. 2017). The clusters with the highest FFD 7 

classes are characterized mostly by tropical dry deciduous forest cover which provide ideal 8 

fire fuel type susceptible to fire events because of higher flammability of vegetation type 9 

(Nunes et al. 2005, Biswas et al. 2015). Different vegetation types show different 10 

flammability (Bond & van Wilgen 1996, Uhl & Kauffman 2012, Fares et al. 2017). The 11 

vegetation classes in this study area in clusters B and E are corroborating that relationship of 12 

vegetation and fire characteristics. Though, this relationship becomes complex when it is 13 

examined in case of FFC pattern in clusters A, C and D. Change in land cover may also be 14 

responsible for change in FCC behaviour in the study area resulting into exception in 15 

congruity of areas with forest cover vis-à-vis forest fire counts. The order of FFC (table 2) 16 

appears to be in the order of flammability of vegetation cover types in each cluster, except 17 

for cluster D, though, there is need to fractionate and quantify percentage coverage of each 18 

vegetation type in the study area which was not in the scope of this work’s objectives and it 19 

requires further inquiry. 20 

 21 

Forest Fire Count/Density and Meteorological Parameters 22 

Forest fire density, fire events per unit area, as per definition by Ganteaume and Long-23 

Fournel, (2015), has been computed in ArcGIS 10.3 in GIS environment and been found 24 

to vary over the study period at different temporal scales of yearly, monthly and at 10 25 

days interval. It is found that the FFC and FFD both show the same order of correlation in 26 

highly forested clusters B, E and A (table 3), except clusters C and D which are sparse and 27 

less dense in terms of forest cover, using fire count data instead of fire density data 28 

makes no difference as for as relation between the set of meteorological variables and 29 

fire is concerned. Hence, we have compared the FFC data patterns with those of 30 

meteorological parameters in this study. At the fourth polynomial order, the forest fire 31 

count and density data since 2005 to 2016, the trendline shows first increasing (from 32 
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2005 to 2010) and then decreasing trend (from 2010 to 2015) with R2 value 0.37. This R2 1 

value indicates acceptable strength in the relationship between the two plotted variables 2 

(Meng and Meentemeyer 2011). 3 

 4 

The meteorological data shows no trend when plotted on linear or logarithmic scales 5 

over time during the entire 11 year period (2005-2016). Whereas T, RH, and SR show 6 

best fit with second order of polynomials for which R2 value reaches approximately to 7 

one (see the figures 7A to 7D) but the rainfall (P) does not show best fit with second 8 

order polynomials. But at 5th order, the best fit line for annual rainfall and annual FFC 9 

data show R2 value to about one (see figures 4a and 4b). Getting the best fit lines for 10 

which R2 value reaches near one is significant for prediction of trend in distribution of a 11 

parameter (Microsoft® 2016). 12 

 13 

The figures 6a to 6d display a complex relationship between distribution of 14 

meteorological parameters and forest fires. The areas with high relative humidity (figure 15 

6c), high rainfall (figure 6a), low temperature (figure 6b), and low solar radiation (figure 16 

6d) should show high rainfall but because of the interplay of many other non-17 

meteorological factors, the relationship in the above variables does not appear to be as 18 

straight forward as is seen in the maps. But the forest fire count map (figure 4b) does 19 

show an increasing monthly trend between March to May during the entire study period 20 

and the trend follows the same as seen in case of monthly meteorological parameters 21 

(see figures 4a and 4b). This increasing trend of forest fire and meteorological 22 

parameters does show a temporal congruity of FFC and meteorological parameters 23 

indicating a functional linkage among them.  24 

 25 

Despite irregularity in the behaviour of forest fire events and rainfall trend at annual 26 

scale over the study period, we find (figures 4a & 4b) that there is first a generally 27 

increasing trend in forest fire events and rainfall events and then decreasing trend with 28 

some years of exception. This implies that there is a relationship between forest fire 29 

events and rainfall events. 30 

 31 

 32 
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Statistical Analysis of FFC and Meteorological Parameters 1 

In order to find out to what extent meteorological parameters help in providing suitable 2 

ambience for forest fires events to occur, OLS regression analysis was performed and the 3 

results of the analysis show moderately significant relationship between dependent 4 

variable (FFC) and independent variables (rainfall, temperature, relative humidity, solar 5 

radiation). Model performance was evaluated based on values of multiple R2 and 6 

adjusted R2. The values of multiple R2 (0.279156) and adjusted R2 (0.235468) indicate 7 

that the OLS model explains only about 24% story of relationship of dependent variable 8 

(FFC) and explaining independent meteorological variables. This may be because of a 9 

very large number of non-forested areas also (where fire events have been recorded by 10 

Forest Survey of India) been used as input in this analysis as well as many human drivers 11 

controlling the forest fire occurrences (Mancini et al. 2018). Mancini et al., (2018) points 12 

out six human drivers directly (or indirectly) triggering forest pyrographic events viz. 1) 13 

landscape and land-use, 2) agriculture, 3) income and wealth, 4) population, 5) 14 

education, and 6) job market. The other factors affecting forest fire events other than 15 

meteorological parameters, not being considered in this analysis, may also be 16 

responsible for not very strong statistical performance of the model. The coefficients for 17 

each independent/explanatory variable reflect that there is found a moderate 18 

relationship between dependent variable (FFC) and explanatory/independent variables. 19 

We found positive relationship between FFC and solar radiation (SR) but negative 20 

relationship between FFC and rainfall (P), temperature (T), as well as relative humidity 21 

(RH). Variable Inflation Factor (VIF), which explains redundancy among independent 22 

variables, indicates that there is no redundancy in the variables chosen to model the 23 

relationship as all the VIF values are less than 7.5 (Graeme D. Hutcheson 1999). T-24 

statistics coupled with p-values for each explanatory variables (see the model summery 25 

in the appendix-Model Output Report) suggests that among the explanatory variables, T 26 

(StdError: 0.035830; t-stats: -3.762148; p-value: 0.000364*) and SR (StdError: 0.060527; 27 

t-stats: - 4.010910; p-value: 0.000159*) are statistically significant. Cyr et al. (2007) state 28 

that in coniferous boreal forests of Canada, there has been found a significant 29 

relationship between solar radiation and forest fire frequency as they found that slopes 30 

exposed to more direct solar radiation and prevailing winds show more vulnerability to 31 

fire) whereas R and RH do not perform statistically significant roles in the model. Not 32 
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very statistically strong relation between FFC and rainfall (R) and relative humidity (RH) 1 

in our study and significant relation between these two same (R, RH) parameters and 2 

forest fire in study by Jupp et al. (2006) in terms of revelation of a “convincing, 3 

quantitative link between the number of fire scars and regional variability in early 4 

summer rainfall” supports the view that fire ignition in our study area is human set and 5 

there is need of more forest fire modelling attempts including social, economic, cultural, 6 

topographic variables. This non-natural ignition of fire events in the area is confirmed by 7 

reports in the newspapers reported from the area (IANS 2016). Statistically non-8 

significant Koenker (BP) statistic (Koenker (BP) stats 6.290834; Prob (>chi-squared), (4) 9 

degrees of freedom: 0.178456) suggests that explanatory variables are, though 10 

moderately, associated to the changes in independent variable. Gillett et al. (2004) have 11 

found positive relation between rising temperature and forest fire burned area but how 12 

significantly and to what extent temperature affects the fire phenomena have not been 13 

in their agenda of research. Since, in our study, Koenker (BP) statistic is not statistically 14 

significant (see the supplementary file Appendix C OLS Output Report), Joint F-statistics 15 

(Joint F-stats: 6.389834; Prob (>F), (4.66) degrees of freedom: 0.000208*) but not the 16 

Joint Wald Statistics (Joint Wald Statistic: 18.088362; Prob (>chi-squared), (4) degrees of 17 

freedom: 0.001186*) is to be consulted. The Koenker (BP) Statistic which is used to 18 

determine whether the explanatory variables in the model have a consistent relationship 19 

to the dependent variable both in geographic space and in data space suggest that the 20 

model used here is not stationary. Non-stationarity of the model means that the change 21 

in R, T, RH, and SR does not lead to linear change in FFC the same way everywhere 22 

spatially and over dataspace. The model bias assessed with the help of Jarque-Bera 23 

statistic (Jarque-Bera Statistic: 83.773048; Prob (>chi-squared), (2) degrees of freedom: 24 

0.000000*) and spatial autocorrelation analysis (see the supplementary file named 25 

Moran’s-I-Residuals) rightly point out that the model has certain level of bias. The model 26 

bias may result from a variety of factors including omission of some very important 27 

independent variables and non-linearity of relationship among dependent and 28 

explanatory variables. In the study area, almost all the forest fires are anthropogenically 29 

set, and there are several human-societal, cultural, and economic variables which are not 30 

part of this investigation, and including these variables in the future researches may 31 

decrease the model bias and improve its performance as the studies by Graeme D. 32 
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Hutcheson, (1999); Mann et al., (2016); and Van Der Werf et al.,( 2008). Mancini et al., 1 

(2018) put emphasis on inclusion of human related parameters in pyrogeographic 2 

investigation in order to have better understanding of fire events. With the only four 3 

natural parameters used here in the study and not including any human related variables 4 

warrants further mulling about inclusion of natural and human-social-economic-cultural 5 

parameters to incorporate in studies seeking statistical modelling the linkage between 6 

FFC and it driving/triggering parameters in future researches. 7 

 8 

After finding a moderate statistically significant relationship among FFC and 9 

meteorological parameters, analysis of increment ratio (IR) of forest fire count for three 10 

months viz. March, April, and May for each year and for the met parameters for the 11 

same three months provides insight into the relationship between FFC and 12 

meteorological parameters in our study area (the computation of IR is discussed in detail 13 

in methodology section). The results of IC analysis presented in figure (8) suggests that 14 

forest fire events are inversely related to rainfall (R) and relative humidity (RH) whereas 15 

temperature (T) and solar radiation (SR) are positively, though weakly, correlated to 16 

forest fire events. The negative relationship between forest fire activity and rainfall, 17 

which has not been found statistically very significant and which is widely reported by 18 

many workers in different climatic and topographic setting from the world over (Chen et 19 

al. 2014, Nogueira et al. 2017, Fox et al. 2015) has been found to be the valid linkage 20 

between the two through IR method. The behaviour of relative humidity and forest fire 21 

in the graph (see figure 8) also indicates the inverse relation between the two. Read et 22 

al. (2018) have, through their modelling approach linking lightning and fire ignition, 23 

reported that “weather properties such as temperature, relative humidity, wind speed 24 

and rainfall can affect all parts of the lightning ignitions process” and hence there is a, 25 

though indirect, relationship between forest fire phenomena and relative humidity.  26 

 27 

Combination Matrix Analysis (CMA) 28 

The construction of combination matrix based on methods used by Said Guettouche & 29 

Derias (2013), Ferreira (2000), Becerril-Piña et al. (2015), Sujatha & Rajamanickam (2015) 30 

has helped to classify different categories of FFC associated with the meteorological 31 

parameters which characterized those classes of fire events (see table). The CMA results 32 
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indicate that out of total FFC events, 60% could have been of very low (VLFFC) category, 1 

22.86% of forest fire events could have been identified to be of low (LFFC) category, and 2 

medium (MFFC), high (HFFC), and very high (VHFFC) categories accounted 17.14% 3 

cumulatively. Individually, each of the MFFC, HFFC, and VHFFC categories constituted 5.72 4 

%, respectively, of the total FFC events during the entire 11 year (2005-2016) period (see 5 

table 2). The MCA also helped us to identify the set of meteorological characteristics 6 

associated with different categories of FFC events. This helped to find generalization of 7 

FFC- met parameter association. Ruosteenoja & Räisänen (2013) found out that sunny 8 

weather and low RH most likely favour a risk for forest fire ignition. Inverse relationship 9 

between solar relative humidity and solar radiation (Swartman and Ogunlade 1967) 10 

suggests the risk of high forest fire probability. The conditions in the study area favouring 11 

VHFFC and associated meteorological parameters (VLR-LR, HT- HT, LRH- LRH, MSR-HSR) are 12 

behaving according to this general rule. During the low rainfall conditions, there are 13 

more probable risks of forest fire ignition or forest fire expansion (Castillo Soto 2012). 14 

Both of our forest fire hot spots, represented by clusters B and E (see supplementary 15 

figure 2), hosting FFCs of MFFC, HFFC and VHFFC events corroborate, with few exceptions, 16 

the relational linkage between FFCs and favourable meteorological conditions 17 

(Westerling 2006; Pechony and Shindell 2010; Chen et al. 2014). The exception to the 18 

general rule of fire-rainfall relation i.e. occurrence of HFFC events during the conditions of 19 

high rainfall in cluster B are related to high altitude and ruggedness of the area; and are 20 

because the meteorological conditions in high mountainous areas, cluster B, differ from 21 

those of the low altitude areas, like in cluster E. The reported general rule of low rainfall 22 

conditions favouring the risk of high forest fire ignition and expansion still holds good in 23 

cluster E. The variability in relationship between set of meteorological variables and FFC 24 

may be suggestive of involvement of forest fire drivers other than meteorological 25 

factors. The 60% share of FFCs of VL and 22.86 % FFCs of L category, cumulatively 26 

constituting more than 82% of total FFCs, explains the statistical model bias and low to 27 

moderate performance of the OLS model.  28 

 29 

CMA also helped to fractionate forest fire season into different area and time specific 30 

FFC intensive periods. In other words, it (CMA) helped to find cyclicity or episodic nature 31 

of forest fire events of a particular class of FFC during a particular time period during the 32 
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11 year study period. It is notable that FFCs of VH and H category have been found to 1 

occur during the 21st March to 10th April time interval in Clusters B and E. The FFCs of VH 2 

category occurred in cluster B during the same time period only. FFC events of very-low, 3 

low, and medium appear to occur in varying meteorological conditions having no definite 4 

set of favourable set of meteorological conditions (see table 6). From the combination 5 

matrix, it is clear that the fire events falling in the very high category of FFC are occurring 6 

under set of meteorological conditions which, in theory, are to be favourable to 7 

induce/support fire events. For instance, high to very high temperatures, low to no 8 

rainfall, low relative humidity and high to very high solar radiation combinations produce 9 

conditions conducive to fire events (Byram and Jemison 1943). Areas with higher forest 10 

coverage appear to have association with the higher forest fire density/ forest fire count 11 

in our study area but we did not find any literature supporting this relationship. There 12 

are, though, some studies which found relation of forest cover loss rates with the forest 13 

fire frequencies (Pinchot 2011; Fanin and van der Werf 2015). 14 

 15 

Conclusion and Recommendations 16 

We, in the present study, found that observation of forest fire events of highest classes 17 

and those of meteorological parameters are spatially congruent to a significant extent. 18 

That is, areas with high FFC category have occurred in areas with high forest coverage 19 

which implies that there is linkage between forest fire events of a particular FFC class 20 

and set of favourable meteorological parameters. Combination matrix analysis does 21 

suggest that the cyclicity of FFC events of highest class is found to occur during a specific 22 

time period of the year during (21st March to 10th April) the entire study period; and 23 

those particular classes of M, H and VH FFC events are suggestive of their occurrence 24 

during only a particular set of met parameters. FFC events of very low to medium class 25 

do not seem to occur with particular set of met parameters indicating their week 26 

relationship to the met parameters. Statistical modelling of the FFC and only four met 27 

parameters viz. R, T, RH, and SR shows only moderately promising statistical results and 28 

show bias in the modelling suggesting inclusion of many other human, social, economic, 29 

cultural parameters to reassess the relationship in the study area in future researches. 30 

 31 

 32 
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List of figures 

 

Figure (1): Location Map of the study area. A. location of Uttar Pradesh, marked with red 

colour, on the map of India showing international boundaries is shown. B. in Uttar Pradesh 

sites of meteorological station IDs is presented. Part C displays District wise forest coverage 

in Uttar Pradesh. In Part D of the figure, Google Earth Pro derived elevation profile; along 

the line X’X is shown. E and F are photos of the fire events in different parts of the study 

area. 

 

Figure (2): Python Script for CFSR Data Extraction



 

Figure (3a): District wise “total district area (forested and non-forested both) versus forest fire” distribution of Uttar Pradesh. (3b): District wise 

total forest-cover (forested area only) and forest fire distribution of Uttar Pradesh 



Figure (4) a: Annual rainfall over the period 2005-2014. b: monthly and annual forest fire count data presented a trend similar to the rainfall data both 

of which are fitted at 4th order polynomial function. The similarity of trend in both of these parameters (annual precipitation trend shown by black line 

in the upper graph and annual forest fire trend by red line in the lower graph) is considered to be indicator of underlying functional linkage. 



 

 

Figure (5): Forest Fire Count (FFC) data interpolated using IDW method to see the spatial trend in the 

changing behavior of fire events at 10-day interval during the study period. The 7 map sections (A to H) 

show how areas of higher FFCs have shifted from Cluster B to Cluster E. (for location of clusters, refer to 

supplementary figure 2). Map H shows distribution of total FFCs over the 11 year study period in the area 

and indicates the clustering of FFCs mainly in Clusters B and E. 



 

 

 



Figure (6): Rainfall (R) (figure 6a), Temperature (T) (figure 6b), Relative Humidity (RH) (figure 

6c), and Solar radiation (SR) (figure 6d) data have been mapped with IDW interpolation 

method to see the spatial trend in the changing behavior of these meteorological variables 

vis-à-vis fire events at 10-day interval during the study period. The 7 map sections (A to G) 

show variability of the variables in different clusters (for location of clusters, refer to 

supplementary figure 2). 

 

 

 

 

 

  





 Figure (7): Trend in the rainfall (A), in mean maximum temperature (B), mean relative humidity 

(C), and Solar radiation (D) at 10-days interval over the entire study period. During the entire 11 

year of study period, the rainfall has been observed to first decrease from March to May. The 

late March rainfall in the study area is influenced by western disturbances (WDs; Chakravarti 

1968, Dimri & Chevuturi 2016, Kumar et al. 2015, Mooley 1957) which diminishes as the 

summer season advances. Temperature trend shows gradual increasing T values which are 

helpful in conditions favouring risk of forest fire ignition trigger as well as fire expansion 

whereas mean relative humidity and solar radiation show decreasing and increasing trend over 

the study period, respectively. 

 

 

Figure (8): Increment Rate (defined in the methodology section) showing trend in different 

meteorological variables vis-à-vis forest fire events. This graph clearly shows the how forest 

fires are positively or negatively interrelated to rainfall (precipitation in the index in this 

graph) and relative humidity. Relation between forest fire IRs and those of solar radiation and 

temperature are not very clear. 

 

 

 

 

 



List of tables 

Table (1): Parameters used to project the vector layers of FFC and meteorological vector datasets in 

order to compute spatial distribution over the study area 

Parameter Projection Spheroid Datum UTM 

Zone 

Fire data 

points 

Universal Transverse 

Mercator (UTM) Projection 

System 

WGS 84 WGS 84 44N 

Met 

Parameters 

 

 

 

Table (3): Forested area, forest fire count (FFC), forest fire density (FFD) and forest type in each cluster 

Clusters FC (km2) Forest Fire 
Count 
(FFC) 

Forest Fire 
Density 
(FFD) 

Forest Type 

B 48503 2618 5.397604 Tropical Dry Deciduous, Tropical 
Moist Deciduous 

E 20694 1139 5.504011 Tropical Dry Deciduous 

D 17772 104 0.58519 Tropical Thorny, Tropical Dry 
Deciduous, Tropical Moist Deciduous 

A 12258 319 2.602382 Sub-Tropical (Coniferous), Himalayan 
Moist Temperate, Tropical Dry 
Deciduous, Tropical Moist Deciduous 

C 10709 78 0.728359 Tropical Thorny, Tropical Dry 

                   CLASS  
 
 
PARAMETERS 
 

VERY LOW 
(VL) 

LOW (L) MEDIUM 
(M) 

HIGH (H) VERY HIGH 
(VH) 

FOREST FIRE COUNT 
(FFC) 

0-150 151-300 301-450 451-600 601-730 

RAINFALL (R) IN MM. 0-30 31-60 61-90 91-120 121-161 

TEMP (T) IN °C 0-9 10-19 20-29 30-38 38-45 

SOLAR RADIATION 
(SR)  

18.39-20.20 20.21-22.02 22.03-
23.94 

23.95-25.76 25.77-
27.42 

REL. HUMIDITY (RH) 
IN FRACTION 

0.13-0.19 0.20-0.26 0.27-
0.33 

0.34-0.41 0.41-0.48 

Table (2):  Range of FFC and meteorological parameters used for classification and combination 

matrix construction 



Deciduous, Tropical Moist Deciduous 
 

Table (4): Comparing ordering of forest coverage (FC) and forest fire density (FFD) 

←Increasing order of magnitude towards left← 

Variable Cluster Code 

FC B (48503 km2)< E (20694 km2)< D (17772 km2)< A (12258 km2)< C (10709 km2) 

FFD B (5.40)< E (5.50)< A (0.56)< C (2.60)<  D (0.73) 
 

Table (5): Percentage share of FFC events of different categories 

Parameter Code Class Code 

                  FFC 
Code 
% Share 

VL L  M H VH 

60 22.85714 5.714286 5.714286 5.714286 
 

 

 



Table (6): Combination Matrix Illustrating Combinations of Meteorological Parameter Classes for Different Classes of Forest Fire Count (FFC) 

 

CLASS 

 

TIME-CLUSTER ZONE 

VERY LOW (VL)  LOW (L) MEDIUM (M)  HIGH (H)  VERY HIGH (VH)  

1-10 March CLUSTER-A VLFFC →{ HR-MT-VHRH-VLSR }     

CLUSTER-B  LFFC→{ VLR-HT-MRH-LSR }    

CLUSTER-C VLFFC →{ MR-HT-VRH-VLSR }     

CLUSTER-D VLFFC →{ HR-HT-LRH-LSR }     

CLUSTER-E VLFFC →{ MR-HT-LRH-LSR }     

11-20 March CLUSTER-A VLFFC→{ VHR-HT-VHRH-VLSR }     

CLUSTER-B    HFFC→{ HR-HT-HRH-LSR }  

CLUSTER-C VLFFC→{ VLR-HT-HRH-LSR }     

CLUSTER-D VLFFC→{ HR-HT-LRH-LSR }     

CLUSTER-E VLFFC→{ MR-HT-LRH-MSR }     

21-31 March CLUSTER-A VLFFC→{ VLR-HT-MRH-LSR }     

CLUSTER-B     VHFFC→{ VLR-HT-LRH-MSR } 

CLUSTER-C  LFFC→{ VLR-HT-LRH-MSR }    

CLUSTER-D VLFFC→{ VLR-HT-LRH-MSR }     

CLUSTER-E   MFFC→{ VLR-HT-LRH-HSR }   

1-10 April CLUSTER-A VLFFC→{ LR-HT-LRH-MSR }     

CLUSTER-B     VHFFC→{ LR-HT-LRH-HSR } 

CLUSTER-C  LFFC→{ VLR-VHT-LRH-MSR }    

CLUSTER-D VLFFC→{ VLR-VHT-LRH-HSR }     

CLUSTER-E    HFFC→{ VLR-VHT-LRH-HSR }  

11-20 April CLUSTER-A VLFFC→{ LR-HT-LRH-MSR }     

CLUSTER-B   MFFC→{LR-VHT-HRH-VLSR}   

CLUSTER-C  LFFC→{ VLR-VHT-VLRH-HSR }    

CLUSTER-D VLFFC→{ VLR-VHT-VLRH-HSR }     

CLUSTER-E  LFFC→{ VLR-VHT-LRH-HSR }    

21-30 April CLUSTER-A  LFFC→{ MR-VHT-LRH-HSR }    

CLUSTER-B  LFFC→{ MR-VHT-LRH-VHSR }    

CLUSTER-C VLFFC→{ VLR-VHT-VLRH-HSR }     

CLUSTER-D VLFFC→{ VLR-VHT-VLRH-HSR }     

CLUSTER-E  LFFC→{ VLR-VHT-LRH-HSR }    

1-10 May CLUSTER-A VLFFC→{ HR-VHT-LRH-VHSR }     

CLUSTER-B VLFFC→{ HR-VHT-VLRH-VHSR }     

CLUSTER-C VLFFC→{ VLR-VHT-VLRH-VHSR }     

CLUSTER-D VLFFC→{ VLR-VHT-VLRH-HSR }     

CLUSTER-E VLFFC→{ VLR-VHT-LRH-MSR }     

 

 



 

 

Supplementary Figure (1): District Wise Forest Fire Count data interpolated within district 

Supplementary tables and figures 

boundaries using IDW kriging method. Numbers in the map show serial number of district 

names provided in supplementary table number (1). Forest fire counts (FFCs) range has 

been represented with colour code given in the legend. The digits in front of each colour in 

the legend represent number of forest fire event counts. The map shows that (with 

reference to map 2) most of the high FFC events are concentrated in clusters B and E.



Supplementary Table (1): District codes with respective names. The codes are given in the 

map (supplementary figure 1) showing district wise forest fire counts (FFCs) 

 

 

 

 

 

 

 

 

 

 

Code No District Name Code No District Name Code No District Name 

1 Agra 26 Farrukhabad 51 Mahoba 

2 Aligarh 27 Fatehpur 52 Mainpuri 

3 Allahabad 28 Firozabad 53 Mathura 

4 Ambedkar Nagar 29 Gautam Buddha Nagar 54 Mau 

5 Amethi 30 Ghaziabad 55 Meerut 

6 Amroha 31 Ghazipur 56 Mirzapur 

7 Auraiya 32 Gonda 57 Moradabad 

8 Azamgarh 33 Gorakhpur 58 Muzaffarnagar 

9 Baghpat 34 Hamirpur 59 Pilibhit 

10 Bahraich 35 Hapur 60 Pratapgarh 

11 Ballia 36 Hardoi 61 Rae Bareli 

12 Balrampur 37 Hathras 62 Rampur 

13 Banda 38 Jalaun 63 Saharanpur 

14 Barabanki 39 Jaunpur 64 Sambhal 

15 Bareilly 40 Jhansi 65 Sant Kabir Nagar 

16 Basti 41 Kannauj 66 Sant Ravi Das Nagar 

17 Bijnor 42 Kanpur Dehat 67 Shahjahanpur 

18 Budaun 43 Kanpur Nagar 68 Shamli 

19 Bulandshahr 44 Kasganj 69 Shravasti 

20 Chandauli 45 Kaushambi 70 Siddharth Nagar 

21 Chitrakoot 46 Kushinagar 71 Sitapur 

22 Deoria 47 Lakhimpur Kheri 72 Sonbhadra 

23 Etah 48 Lalitpur 73 Sultanpur 

24 Etawah 49 Lucknow 74 Unnao 

25 Faizabad 50 Maharajganj 75 Varanasi 



 

 

Supplementary Figure (2): Vegetation clusters in different districts of Uttar Pradesh and 

forest fire events clustered in different parts of the study area  

 

 



 

 

Supplementary Figure (3): Type of forest cover (Source: IFSR, 2017) 



 

Supplementary Table (2): Categorization of Various Parameters into VH, H, M, L, and VL Classes 

 

 

 

Supplementary Table (2a): Combination matrix for CLUSTER- A 

Time Interval Forest Fire 

Density 

(FFD) 

Rainfall (R) Temperature (T) Relative 

Humidity (RH) 

Solar 

Radiation 

(SR) 

Favorable Combinations 

1-10 March VLFFD HR MT VHRH VLSR VLFFD-HR-MT-VHRH-VLSR 

11-20 March VLFFD VHR HT VHRH VLSR VLFFD-VHR-HT-VHRH-VLSR 

21-30 March VLFFD VLR HT MRH LSR VLFFD-VLR-HT-MRH-LSR 

1-10 April VLFFD LR HT LRH MSR VLFFD-LR-HT-LRH-MSR 

11-20 April VLFFD LR HT LRH MSR VLFFD-LR-HT-LRH-MSR 

21-30 April VLFFD MR VHT LRH HSR VLFFD-MR-VHT-LRH-HSR 

1-10 May VLFFD HR VHT LRH VHSR VLFFD-HR-VHT-LRH-VHSR 

                   CLASS  

 

PARAMETERS 

 

VERY LOW (VL) LOW (L) MEDIUM (M) HIGH (H) VERY HIGH (VH) 

FOREST FIRE DENSITY 

(FFD) 

0-150 151-300 301-450 451-600 601-730 

RAINFALL (R) IN MM. 0-30 31-60 61-90 91-120 121-161 

TEMP (T) IN °C 0-9 10-19 20-29 30-38 38-45 

SOLAR RADIATION (SR)  18.39-20.20 20.21-22.02 22.03-23.94 23.95-25.76 25.77-27.42 

REL. HUMIDITY (RH) 

IN FRACTION 

0.13-0.19 0.20-0.26 0.27-0.33 0.34-0.41 0.41-0.48 



 

Supplementary Table (2b): Combination matrix for CLUSTER- B 

Time Interval Forest Fire 

Density 

(FFD) 

Rainfall (R) Temperature (T) Relative 

Humidity (RH) 

Solar 

Radiation 

(SR) 

Favorable Combinations 

1-10 March LFFD VLR HT MRH LSR LFFD-VLR-HT-MRH-LSR 

11-20 March HFFD HR HT HRH LSR HFFD-HR-HT-HRH-LSR 

21-30 March VHFFD VLR HT LRH MSR VHFFD-VLR-HT-LRH-MSR 

1-10 April VHFFD LR HT LRH HSR VHFFD-LR-HT-LRH-HSR 

11-20 April MFFD LR VHT LRH VHSR MFFD-LR-VHT-LRH-VHSR 

21-30 April LFFD MR VHT LRH VHSR LFFD-MR-VHT-LRH-VHSR 

1-10 May VLFFD HR VHT VLRH VHSR VLFFD-HR-VHT-VLRH-VHSR 

 

Supplementary Table (2c): Combination matrix for CLUSTER- C 

Time Interval Forest Fire 

Density 

(FFD) 

Rainfall (R) Temperature (T) Relative 

Humidity (RH) 

Solar 

Radiation 

(SR) 

Favorable Combinations 

1-10 March VLFFD MR HT VRH VLSR VLFFD-MR-HT-VRH-VLSR 

11-20 March VLFFD VLR HT HRH LSR VLFFD-VLR-HT-HRH-LSR 

21-30 March VLFFD VLR HT LRH MSR VLFFD-VLR-HT-LRH-MSR 

1-10 April VLFFD VLR VHT LRH MSR VLFFD-VLR-VHT-LRH-MSR 

11-20 April VLFFD VLR VHT VLRH HSR VLFFD-VLR-VHT-VLRH-HSR 

21-30 April VLFFD VLR VHT VLRH HSR VLFFD-VLR-VHT-VLRH-HSR 

1-10 May VLFFD VLR VHT VLRH VHSR VLFFD-VLR-VHT-VLRH-VHSR 

 

 

 



Supplementary Table (2d): Combination matrix for CLUSTER- D 

Time Interval Forest Fire 

Density 

(FFD) 

Rainfall (R) Temperature (T) Relative 

Humidity (RH) 

Solar 

Radiation 

(SR) 

Favorable Combinations 

1-10 March VLFFD HR HT LRH LSR VLFFD-HR-HT-LRH-LSR 

11-20 March VLFFD HR HT LRH LSR VLFFD-HR-HT-LRH-LSR 

21-30 March VLFFD VLR HT LRH MSR VLFFD-VLR-HT-LRH-MSR 

1-10 April VLFFD VLR VHT LRH HSR VLFFD-VLR-VHT-LRH-HSR 

11-20 April VLFFD VLR VHT VLRH HSR VLFFD-VLR-VHT-VLRH-HSR 

21-30 April VLFFD VLR VHT VLRH HSR VLFFD-VLR-VHT-VLRH-HSR 

1-10 May VLFFD VLR VHT VLRH HSR VLFFD-VLR-VHT-VLRH-HSR 

 

Supplementary Table (2e): Combination matrix for CLUSTER- E 

Time Interval Forest Fire 

Density 

(FFD) 

Rainfall (R) Temperature (T) Relative 

Humidity (RH) 

Solar 

Radiation 

(SR) 

Favorable Combinations 

1-10 March VLFFD MR HT LRH LSR VLFFD-MR-HT-LRH-LSR 

11-20 March VLFFD MR HT LRH MSR VLFFD-MR-HT-LRH-MSR 

21-30 March MFFD VLR HT LRH HSR MFFD-VLR-HT-LRH-HSR 

1-10 April HFFD VLR VHT LRH HSR HFFD-VLR-VHT-LRH-HSR 

11-20 April LFFD VLR VHT LRH HSR LFFD-VLR-VHT-LRH-HSR 

21-30 April LFFD VLR VHT LRH HSR LFFD-VLR-VHT-LRH-HSR 

1-10 May VLFFD VLR VHT LRH MSR VLFFD-VLR-VHT-LRH-MSR 

 

 

 

 



 

Supplementary Table (3): Increment Rate (%) for different variables for period of 11 years (2005-2014). Minus (-) sign before values of different 

variables in the table indicate decrease in the varialbe during the next consecutive year 

 

Year Forest Fire Temperature Rainfall Solar Radiation Relative Humidity 

2005 NA -3.426374905 104.2877569 -2.2960131 4.326826 

2006 7.659574 -0.871718159 523.6528193 -3.0640116 26.70147 

2007 19.76285 0.505460031 -22.41689945 0.13282665 5.767743 

2008 24.09241 1.006416502 -35.04566267 0.98643376 -15.1032 

2009 -1.59574 -0.051660685 -28.02045273 0.83970648 10.62269 

2010 99.18919 5.0072117 -46.74214497 2.08184676 -6.14426 

2011 -73.27 -6.244681383 131.7043009 -2.60473 13.76474 

2012 182.7411 0.145352655 -61.399656 3.6691124 -18.9116 

2013 -57.4506 0.305466738 -12.47682654 -0.6111587 18.4066 

2014 -8.43882 -3.842880329 135.6531656 -1.8054352 9.844333 

 

 

 

 



Variable Coefficient [a] StdError t-Statistic Probability [b] Robust_SE Robust_t Robust_Pr [b] VIF [c]

Intercept 0.407445 1.553870 0.262213 0.793977 1.259684 0.323450 0.747381 --------

RAINFALL -0.003434 0.004245 -0.808896 0.421477 0.003827 -0.897153 0.372893 3.853155

TEMPERATUR -0.134798 0.035830 -3.762148 0.000364* 0.045866 -2.938922 0.004535* 4.222561

RH -3.143155 1.749353 -1.796753 0.076954 1.545358 -2.033933 0.045981* 2.533955

SR 0.242768 0.060527 4.010910 0.000159* 0.083543 2.905903 0.004980* 1.407477

Summary of OLS Results - Model Variables

manish7sep@hotmail.com
Sticky Note
As a rule of thumb, explanatory variables associated with VIF values

larger than about 7.5 should be removed (one by one) from the regression model



Input Features: Dis_wise_Regression_P   Dependent Variable: FFD 

Number of Observations: 71   Akaike's Information Criterion (AICc) [d]: -56.101176 

Multiple R-Squared [d]: 0.279156   Adjusted R-Squared [d]: 0.235468 

Joint F-Statistic [e]: 6.389834   Prob(>F), (4,66) degrees of freedom: 0.000208*

Joint Wald Statistic [e]: 18.088362   Prob(>chi-squared), (4) degrees of freedom: 0.001186*

Koenker (BP) Statistic [f]: 6.290834   Prob(>chi-squared), (4) degrees of freedom: 0.178456 

Jarque-Bera Statistic [g]: 83.773048   Prob(>chi-squared), (2) degrees of freedom: 0.000000*

Notes on Interpretation

* An asterisk next to a number indicates a statistically significant p-value (p < 0.01).

[a] Coefficient: Represents the strength and type of relationship between each explanatory variable and the dependent variable.

[b] Probability and Robust Probability (Robust_Pr): Asterisk (*) indicates a coefficient is statistically significant (p < 0.01); if the Koenker

(BP) Statistic [f] is statistically significant, use the Robust Probability column (Robust_Pr) to determine coefficient significance.

[c] Variance Inflation Factor (VIF): Large Variance Inflation Factor (VIF) values (> 7.5) indicate redundancy among explanatory variables.

[d] R-Squared and Akaike's Information Criterion (AICc): Measures of model fit/performance.

[e] Joint F and Wald Statistics: Asterisk (*) indicates overall model significance (p < 0.01); if the Koenker (BP) Statistic [f] is

statistically significant, use the Wald Statistic to determine overall model significance.

[f] Koenker (BP) Statistic: When this test is statistically significant (p < 0.01), the relationships modeled are not consistent (either due to

non-stationarity or heteroskedasticity). You should rely on the Robust Probabilities (Robust_Pr) to determine coefficient significance and on the

Wald Statistic to determine overall model significance.

[g] Jarque-Bera Statistic: When this test is statistically significant (p < 0.01) model predictions are biased (the residuals are not normally

distributed).

OLS Diagnostics

manish7sep@hotmail.com
Sticky Note
The Joint F-Statistic is trustworthy only when the Koenker (BP) statistic (see below) is not

statistically significant.
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The above graphs are Histograms and Scatterplots for each explanatory variable and the dependent variable.
The histograms show how each variable is distributed. OLS does not require variables to be normally
distributed. However, if you are having trouble finding a properly-specified model, you can try transforming
strongly skewed variables to see if you get a better result.

Each scatterplot depicts the relationship between an explanatory variable and the dependent variable. Strong
relationships appear as diagonals and the direction of the slant indicates if the relationship is positive or
negative. Try transforming your variables if you detect any non-linear relationships. For more information see
the Regression Analysis Basics documentation.

Variable Distributions and Relationships
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Ideally the histogram of your residuals would match the normal curve, indicated above in blue. If the histogram looks
very different from the normal curve, you may have a biased model. If this bias is significant it will also be
represented by a statistically significant Jarque-Bera p-value (*).

Histogram of Standardized Residuals
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This is a graph of residuals (model over and under

predictions) in relation to predicted dependent variable

values. For a properly specified model, this scatterplot

will have little structure, and look random (see graph on

the right). If there is a structure to this plot, the type

of structure may be a valuable clue to help you figure out

what's going on.

Random Residuals

Residual vs. Predicted Plot



Parameter Name Input Value

Input Features Dis_wise_Regression_P

Unique ID Field UID

Output Feature Class None

Dependent Variable FFD

Explanatory Variables RAINFALL

TEMPERATUR

RH

SR

Selection Set False

Ordinary Least Squares Parameters



Spatial Autocorrelation Report

Given the z-score of 2.84682533156, there is a less than 1% likelihood that this clustered 

pattern could be the result of random chance.

Global Moran's I Summary

Moran's Index: 0.149958

Expected Index: -0.014286

Variance: 0.003329

z-score: 2.846825

p-value: 0.004416

Dataset Information

Input Feature Class: Dis_wise_Regression_P_OLS

Input Field: RESIDUAL

Conceptualization: INVERSE_DISTANCE

Distance Method: EUCLIDEAN

Moran's Index: 0.149958

z-score: 2.846825

p-value: 0.004416
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Row Standardization: False

Distance Threshold: 106653.4705 Meters

Weights Matrix File: None

Selection Set: False
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