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Evaluation of Forest Fire Anomalies with Normalised Metrics and 1 

Management Effectiveness: Evidence from 14 Central Indian Tiger 2 

Reserves 3 

Abstract  4 

Traditional forest fire assessments primarily rely on fire occurrence and burned area, which 5 

quantify the magnitude of fire activity but do not explicitly account for differences in reserve 6 

size, proportional fire impact, vegetation flammability, or management effectiveness. This 7 

study evaluates three complementary normalized fire metrics—Fire Occurrence Density 8 

(FOD), Burned Area Proportion (BAP), and Burned Area per Fire Occurrence (BAFO)—9 

across 14 Central Indian Tiger Reserves (TRs) using MODIS-derived active fire and burned 10 

area datasets (2001–2022). While these metrics are mathematically derived from conventional 11 

fire occurrence and burned area, they provide complementary descriptors of fire activity by 12 

representing fire occurrence density, the proportion of reserve area affected by fire, and the 13 

average burned area associated with each active fire detection. Their relationships with Forest 14 

Flammability Index (FFI) and Management Effectiveness Evaluation (MEE) scores were 15 

subsequently examined using correlation analysis. The results indicate that BAP and BAFO 16 

exhibited stronger associations with FFI and MEE than fire occurrence alone, while also 17 

distinguishing TRs with similar conventional fire metrics but contrasting normalized fire 18 

characteristics. Integrating normalized fire metrics with FFI and MEE provides a 19 

comprehensive framework for comparative forest fire assessment across protected areas and 20 

may support conservation planning and management prioritization. 21 

Keywords: Forest Fire Assessment Metrics, Forest Flammability Index, Management 22 

Effectiveness, Central Indian Tiger Reserves 23 
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 24 

1. Introduction 25 

Forest fires have emerged as a major global environmental hazard, causing significant 26 

ecological degradation, biodiversity loss, and socioeconomic impacts (Meng et al. 2023, Arif 27 

et al. 2021; Tyukavina et al. 2022). Also, it significantly contributes to global warming and 28 

environmental degradation, releasing 1.6–10 billion tons of CO₂ annually and causing an 29 

estimated 260–600 thousand premature deaths worldwide, making it a major contributor of 30 

climate change (FSI, 2021, Nesha et al. 2021, Kumar et al. 2025). Globally, approximately 31 

38% forest loss is attributed to forest fires (Van Wees et al. 2021). In India, increasing fire 32 

frequency has resulted in approximately 36% of forests being classified as fire-prone (FSI, 33 

2021). Fire dynamics and burned area modelling over India also show concerning trends across 34 

central India (Bar et al. 2024; Jain et al. 2021; Gorain et al. 2025).  35 

The Central Indian & Eastern Ghat landscape hosts nearly half of India’s tiger reserves (TRs) 36 

(Yadav et al. 2023), along with numerous other ecologically sensitive protected areas. This 37 

region is a global priority landscape for tiger conservation, with the strongest wildlife linkage 38 

for animal movement in Central India (Dutta et al. 2016). It hosts moist to dry deciduous forest 39 

types and varied terrain, from valleys to hills, supporting rich biodiversity (Qureshi et al. 2023). 40 

Satpura Tiger Reserve, which consists of such climate, demonstrates occurrences are strongly 41 

influenced by climatic factors and anthropogenic activities (Ray et al. 2023; Niyogi et al. 2025; 42 

Tamrakar et al. 2024). However, despite these risks, the threat of forest fires to TRs remains 43 

insufficiently assessed, highlighting a critical evaluation and methodological gaps that the 44 

present study aims to address. 45 

Previous forest fire assessments have predominantly relied on conventional metrics such as fire 46 

occurrence and burned area (Niyogi et al. 2025; Jain et al. 2021; Mani and Varghese 2021; Pati 47 
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et al. 2024; Xiang et al, 2023; Archibald et al., 2013; Ahmad and Goparaju 2019; Giglio et al., 48 

2018). While these metrics effectively quantify the magnitude of fire activity, they are not 49 

normalized for reserve size and may therefore hinder meaningful comparison among TRs of 50 

substantially different geographical extents. It has been also noted that a relatively small 51 

number of fires accounts for the majority of burned area, with the largest 1% of fires 52 

contributing 80–96% of total damage (Strauss et al., 1989). It is reported that, apart from natural 53 

causes, largely obscure illegal anthropogenic activities dominate fire incidences in the central 54 

India (Tamrakar et al. 2024, Jain et al. 2021). Additionally, isolated fire frequency and/or 55 

burned area-based investigation often ignore critical aspects such as the average size of 56 

individual fires, and the interactions between fire behaviour, forest type, and management 57 

practices. Consequently, there is a need for more robust and integrated fire indices that combine 58 

information on fire occurrence and burned area to better characterize fire regime and spatial 59 

patterns of fire disturbance across landscapes (Archibald et al., 2013; Andela et al., 2017; Smith 60 

et al., 2020). 61 

Another key drivers of forest fire spread are fuel load and its flammability (Dimitrakopoulos, 62 

2001). The term “flammability” has no strict and clear definition, which is often used to 63 

indicate the ability of a given fuel to ignite and support fire (Mak, 1988; Hogenbirk & Sarrazin-64 

Delay, 1995; Pellizzaro et al., 2007). Existing fire assessment studies largely overlook the 65 

quantification of flammability, despite its potential role as a relative driver of fire regimes (Kale 66 

et al.2017; Kale et al., 2024).  67 

Therefore, we adopt a data-driven approach using remote sensing–derived land use–land cover 68 

data, by quantifying the relative contribution of different forest types to historical burned areas. 69 

Finally, in protected areas such as TRs, which are managed through conservation interventions, 70 
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management effectiveness (Mathur et al. 2017; Yadav et al. 2022) can also be considered in 71 

forest fire assessments.  72 

Despite the widespread use of fire occurrence and burned area for forest fire assessment, 73 

standardized descriptors that enable meaningful comparison among Tiger Reserves (TRs) of 74 

substantially different geographical extents remain limited. Moreover, the extent to which 75 

normalized fire metrics can complement conventional fire metrics in relation to forest 76 

flammability and management effectiveness has received limited attention. Accordingly, the 77 

objectives of this study are to: (i) develop and apply three normalized fire metrics—Fire 78 

Occurrence Density (FOD), Burned Area Proportion (BAP), and Burned Area per Fire 79 

Occurrence (BAFO); (ii) evaluate their ability to provide standardized comparison among 14 80 

Central Indian Tiger Reserves; and (iii) examine their associations with the Forest 81 

Flammability Index (FFI) and Management Effectiveness Evaluation (MEE) to provide a more 82 

comprehensive framework for comparative forest fire assessment. 83 

2. Data and Methods 84 

2.1. Study Area 85 

We focus on the TRs in the central India (spanning 19° - 25° N latitude and 77° - 82° E 86 

longitude), which hosts rich biodiversity and important protected area. The climate of the 87 

selected region is characterized by a hot summer (March-June), rainy monsoon (July-88 

September) and dry winter (November - February) (IMD, 2020; Attri & Tyagi, 2010). The 89 

broader central Indian landscape comprises approximately 19 tiger reserves (NTCA, 2025; 90 

Qureshi et al. 2023). Only 14  TRs for which the Management Effectiveness Evaluation (MEE) 91 

scores are  designated  in 2022 are included in this study (Yadav et al. 2023). 92 
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Table 1: Detailed geographical, ecological and administrative information of TRs 93 

Tiger Reserve 

(TR) 

Estimated 

Area 

(km2) 

MEE Score (%) 

(Yadav et al., 

2023)  

Ecological Importances  

(Qureshi et al. 2023) 

Indravati Tiger 

Reserve (IDTR) 
2922.39 53.79 Major tiger habitat; extensive inviolate 

core 

Udanti-Sitanadi 

Tiger Reserve 

(USTR) 

1794.91 56.82 Wildlife corridor; wild buffalo habitat 

Achanakmar 

Tiger Reserve 

(AKTR) 

936.33 69.7 Diverse deciduous forest; rugged terrain 

Sanjay-Dubri 

Tiger Reserve 

(SDTR) 

1482.34 71.97 Corridor linking Bandhavgarh–Palamu 

Bor Tiger 

Reserve (BRTR) 
131.48 77.27 Corridor between PMHTR and TATR 

Bandhavgarh 

Tiger Reserve 

(BGTR) 

1608.42 83.33 High tiger density 

Navegaon -

Nagzira Tiger 

Reserve (NNTR) 

1769.34 83.33 Fragmented landscape; human–wildlife 

conflict 

Panna Tiger 

Reserve (PNTR) 
1782.86 83.33 Successful tiger reintroduction site 

Melghat Tiger 

Reserve (MGTR) 
2037.9 84.85 Dry deciduous forest; secure core 

Tadoba- Andhari 

Tiger Reserve 

(TATR) 

1639.65 87.88 Major tiger source population 

Pench MP Tiger 

Reserve 

(PMPTR) 

1163.22 89.39 High ecological connectivity 

Pench MH Tiger 

Reserve 

(PMHTR) 

743.92 90.91 Well-managed Pench–Kanha corridor 

Kanha Tiger 

Reserve (KNTR) 
1961.92 91.67 Barasingha conservation landscape 

Satpura Tiger 

Reserve (SPTR) 
2033.79 93.18 Intact corridors; benchmark conservation 

 94 

Table 1 provides characteristic of TRs such as geographical area, ecological importance, and 95 

MEE score. These TRs are known for their higher susceptibility to the pre-monsoon forest fire 96 

activities (Jain et al. 2021). Most of the TRs are primarily surrounded by agricultural, with 97 
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nearby rural and tribal settlements (Reddy et al., 2017). Boundaries of TRs (Figure 1) are 98 

delineated and presented on the map of India (Survey of India, 2025) sourced by National Tiger 99 

Conservation Authority (NTCA), Government of India (NTCA, 2025).  100 

 101 

Fig. 1: Study area map a) map of India with TRs; b) Central India map with 14 TRs. 102 

2.2. Data acquisition 103 

The present study utilizes multiple MODIS-based datasets to analyse forest fire dynamics. 104 

These include active fire data, burned area products all with long-term temporal coverage, and 105 

land cover information, other administrative data alongside, ensuring reliable multi-decadal 106 

fire assessment. The detailed information of the data acquisition is given in Table 2, and the 107 

structured framework of the MEE is provided in Table S1 of the Supplementary Information. 108 

 109 
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Table 2: Details of the dataset used in the study 110 

Dataset 
Period / 

Accessed Date 
Source/Product Key Information 

Satellite Data 

Active fire 

(Resolution – 1 

km) 

2001 – 2022 

(Annually 

Averaging) 

MODIS NRT (Terra & 

Aqua); NASA FIRMS 

(Giglio et al. 2016) 

Annual fire 

occurrence; near-real-

time detection 

Burned area 

(Resolution – 500 

m) 

2001 – 2022 

(Annually 

Averaging) 

MCD64A1 (V6), LP 

DAAC  

(Giglio, 2020) 

Monthly global 

burned area; based on 

reflectance and active 

fire data 

Land cover 

(Resolution – 500 

m) 

2020 
MCD12Q1 (V6.1) 

 (Friedl. et al., 2019) 

IGBP classification; 

17 land cover classes 

Ancillary Data 

MEE score 2022 

NTCA MEE report 

2022 (Yadav et al., 

2023) 

Forest management 

and preparedness 

TR boundary 2022 

NTCA and Forest 

Department 

(NTCA 2025) 

TR boundary to use 

in geospatial analysis 

 111 

Note that both MODIS active fire and burned area products have undergone extensive 112 

validation using independent high-resolution datasets such as ASTER and Landsat, achieving 113 

Stage 3 validation (Giglio, 2020; Giglio et al., 2018). Land cover data has achieved Stage 2 114 

validation based on cross-validation of the training dataset (Sulla-Menashe et al., 2018).  115 

Following data collection, the overall workflow used in this study can be illustrated in Figure 116 

2. The method consists of the following major steps: data processing, derivation of fire metrics, 117 

and statistical analysis. 118 

2.3. Data processing 119 

Spatial datasets are processed using GIS software (QGIS 3.40.6 and ArcGIS Version 10.7.1). 120 

Initially, TR boundaries are reprojected to the Universal Transverse Mercator (UTM) 121 
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coordinate system (WGS 84, Zone 44N) for accurate area estimation. For consistency, the total 122 

area of each TR is computed using GIS-based area calculation methods. Burned area and fire 123 

occurrence datasets are then clipped to the boundaries of the respective TRs. All the MODIS-124 

detected fire events are considered, and no filtering is applied. Similarly, burned area data 125 

derived from the MCD64A1 product are extracted for each TR for each month which is then 126 

aggregated annually. Fire occurrence and burned area are used to derive the proposed metrics. 127 

Further, forest type distribution within each TR is determine using the MODIS Land Cover 128 

Type 1 dataset (pre-classified categories). TRs are already a conserved and reserved area since 129 

decade with the highest protection and management resources (Koulgi et al., 2019). Although 130 

localized vegetation changes may have occurred during the study period, tiger reserves are 131 

legally protected landscapes (reference year 2020 used, intended to characterize relative 132 

vegetation-associated flammability rather than annual land-cover dynamics). Forest type-wise 133 

burned area is estimated by overlaying the annual burned area with the forest type layer. 134 

 135 
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 136 

Fig. 2: Schematic representation of the workflow of the study. 137 

2.4. Metrics for Forest Fire Assessment  138 

Conventionally, forest fires are assessed using annual fire occurrence (defined as the number 139 

of MODIS active fire detections) and annual burned area. In this study, we derive the composite 140 

metrics: i) Fire Occurrence Density (FOD), ii) Burned Area Proportion (BAP), and iii) Burned 141 

Area per Fire Occurrence (BAFO). The formulation of these metrics is as follows. 142 

For the nth forest in the yth year, the average number of fire incidences per year, 𝑁௙௡௬  and 143 

average burned area represents the area of the forest burned, ܣ௕௡௬ per year. 144 
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FOD is defined as the average number of fire occurrences per unit area for the nth forest with 145 

total area ATn, i.e.,  146 

௡ܦܱܨ  = 122 ∑ ே೑೙೤22೤=1஺೅೙             ……………… (1) 147 

BAP is defined as the average burned area proportion for the nth forest with respect to ATn i.e.,  148 

ܣܤ ௡ܲ  = 122 ∑ ஺್೙೤22೤=1஺೅೙ × 100         ………… (2) 149 

BAFO is defined as a ratio of average burned area to the average number of fire occurrences 150 

for the nth forest, i.e., 151 

ܨܣܤ ௡ܱ  = ∑ ஺್೙೤22೤=1∑ ே೑೙೤22೤=1                    …..………. (3) 152 

Conventional metrics may produce misleading comparisons when forests of different sizes 153 

show similar fire counts, larger forests naturally tend to have more fires. The same limitation 154 

affects burned-area assessments, as size can bias the interpretation. To address this, we use 155 

composite metrics, i.e. FOD, BAP and BAFO. Among these, FOD and BAP are normalized 156 

with respect to the total area of the respective forest. FOD represents fire frequency per unit 157 

area, whereas BAP reflects the extent of damage or impact of fires within a forest, i.e. the 158 

percentage of total forest area affected by fires. On the other hand, BAFO represents the 159 

average burned area associated with each MODIS active fire detection and provides a 160 

complementary descriptor of fire spread characteristics. Among these, BAFO is more likely to 161 

reflect forest characteristics such as forest type, local climate, management effectiveness, and 162 

topography.  163 

Relative Forests Flammability: 164 

Apart from the composite metrics, we employ Forest Flammability index (FFI), representing 165 
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relative flammability of the forest with respect to the forests under consideration. In general, 166 

the central Indian TRs comprise nine major land cover classes (Figure 3). Land cover data with 167 

17 pre-classified categories (Friedl et al., 2019) are used to determine forest types distribution 168 

within TRs. Six forest types are selected for analysis based on their susceptibility to fire spread 169 

(Table 3). Figure 3 shows the land cover distribution across the 14 TRs. These maps provide 170 

the spatial basis for calculating the FFI, which quantifies the relative contribution of different 171 

forest types to fire spread. The characteristics and flammability of forest types found in central 172 

Indian TRs are listed in (Table 3), and detailed are provide in (Table S2 supplementary 173 

information). The major forest types consist deciduous forests, savannas, grasslands, woody 174 

savanna, and mixed forest. These forest types exhibit distinct flammability characteristics, 175 

which varies with climatic conditions and are difficult to quantify directly (Simpson et al., 176 

2016). Therefore, relative flammability ( ௠ܹ ) is estimated statistically using burned area 177 

contributions of individual forest types in 14 TRs.  178 

Let here be N (14) forests with M (6) flammable forest types in each forest, observed over 22 179 

years. The total flammable area (comprising the M (6) forest types) of the nth forest is An, and 180 

the area of the mth forest type in the nth forest is AFnm (assumed constant over the duration), and 181 

the burned area of the mth forest type in the nth forest for the yth year is denoted as BAFnmy.  182 

The ௠ܹ indicates the relative flammability of the forest type. i. e. the percentage of burned 183 

area for the mth forest type is given as,  184 

௠ܹ = 1௒ ∑ ஻஺ி೙೘೤22೤=1஺ி೙೘ × 100     ……………… (4) 185 

The Forest Flammability Index (ܫܨܨ) for the nth forest is defined as,  186 

௡ܫܨܨ = ∑ ஺ி೙೘஺೙ × ௠ܹெ௠=1       ……………… (5) 187 
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FFI integrates the spatial extent of fire spread by assigning proportional weight to different 188 

forest types, thereby assessing their relative contribution to overall forest flammability. Finally, 189 

the FFI and the derived fire metrics are subjected to statistical analysis. 190 

Table 3: Characteristics and Flammability of Forest types details. 191 

S.N. 
Forest 

type 
Vegetation Type 

(Strahler et al. 1999) 
Fuel Characteristics 

1 

Deciduous 

Broadleaf 

Forest 

Dominated by woody 

vegetation (>60%) and height 

exceeding 2 meters. Broadleaf 

trees with an annual cycle of 

leaf-on and leaf-off periods. 

Dominated species: Sal and Teak  

Flammable due to abundant dry leaf litter 

and seasonal dryness (Behera et al., 2024; 

Rathaude et al.2025, Ray et al., 2025, 

Kumar et al., 2022, Pati et al., 2024). 

2 Grasslands 
Dominated by Herbaceous land 

cover  

Fastest-spreading short lived fires, ( Bond 

& Keeley, 2005; Jain et al. 2021, Niyogi 

2025, Ray et al., 2025, Simpson et al. 

2015) 

3 Savannas 
Herbaceous with forest canopy 

cover between 10-30%.  

Flammable due to seasonal leaf litter. 

Common in reserves like SPTR (Jain et 

al. 2021, Ray et al., 2025, Simpson et al. 

2015). 

Grass matrix with scattered trees (Acacia 

catechu, Butea monosperma, Anogeissus 

species.) (Bond et al., 2005; Archibald et 

al., 2010) . 

4 
Woody 

Savanna 

Herbaceous with forest canopy 

cover between 30-60%.   

Relatively less flammable,  limited 

spatial extent in to other forests (Jain et 

al. 2021; Niyogi 2025; Ray et al., 2025) 

Fire spread decreases with tree cover but 

increases with shrub invasion and fuel 

accumulation. Lantana camara 

significantly enhances fine fuel 

continuity and fire intensity (Bowman et 

al., 2009; Archibald et al., 2010) 

5 
Mixed 

forests 

Trees with a percent cover 

>60% and height exceeding 2 

meters. Consists of tree 

communities with interspersed 

mixtures or mosaics of the 

other four forest types. 

Mixed and moist deciduous forest types 

exhibit patchy and irregular fires (Jain et 

al., 2021, Ray et al., 2025). 

6 Cropland 

Crops followed by harvest and 

a bare soil period (e.g., single 

and multiple cropping 

systems). 

Not a natural fire ecosystem but often 

contributes significantly to seasonal 

ignitions through stubble burning, 

intentional clearing, or accidental fires. 

(Ray et al., 2025). 
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 192 

 193 

Fig. 3 : Forest types in the TRs (Source: (Friedl et al., 2019) ) 194 

 195 
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2.5. Statistical analysis 196 

Pearson’s correlation (Pearson, K. 1920) is used to assess the strength and direction of the 197 

linear relationship between two variables (Fire Occurrence, Burned Area, FOD, BAP, BAFO, 198 

MEE and FFI). The analysis is used to examine descriptive associations of the pair of variables. 199 

The Pearson correlation coefficient (ݎ) between the pair of variables (X,Y) is calculated as:  200 

ݎ = ܺ ݂݋ ݊݋݅ݐܽ݅ݒ݁݀ ݀ݎܽ݀݊ܽݐܻܵ ݀݊ܽ ܺ ݊݁݁ݓݐܾ݁ ݁ܿ݊ܽ݅ݎܽݒ݋ܥ ×  201 ܻ ݂݋ ݊݋݅ݐܽ݅ݒ݁݀ ݀ݎܽ݀݊ܽݐܵ

3. Results  202 

Figure 4 a) presents, annual average of fire occurrence and burned area for 22 years (2001-203 

2022) of 14 TRs (arranged in increasing order of MEE score). We can see that, significant 204 

variation in terms of burned area (454.83 - 5.9 km² /year) and fire occurrences (204 - 8 /year) 205 

in the TRs. IDTR stands out with significantly higher annual average of 204 fires per year and 206 

burned area of 454.83 km² per year. Lowest of fire occurrences (8/year) and burned area (5.9 207 

km²/year) are seen for BRTR and PMHTR, respectively. MGTR, TATR and USTR also 208 

showed high fire activity, averaging 135, 90 and 89 fires/year, and corresponding burned area 209 
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 210 

Fig 4: a) Conventional approach: fire occurrences and burned area; b) Proposed 211 

approach: FOD, BAP, and BAFO 212 

of 120.29, 91.97 and 123.94 km²/year, respectively. NNTR exhibits higher burned area per 213 

year (53.15 km²/year) than KNTR (6.35 km²/year), SPTR (47.51 km²/year) and PNTR (18.71 214 

km²/year), but has lower or similar fire frequency (50.54 /year). A similar pattern was observed 215 

for SDTR (fire frequency 37.41 /year and burned area 30.9 km²/year) and PMHTR (fire 216 

frequency 27.36 /year and burned area 31.93 km²/year) as against PNTR (fire frequency 51.9 217 
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/year and burned area 18.71 km²/year), BGTR (fire frequency 43.68 /year and burned area 218 

17.37 km²/year) and KNTR (fire frequency 41.45 /year and burned area 6.35 km²/year). On the 219 

other hand, the results for the derived forest fire assessment metrics, i.e. FOD, BAP, and 220 

BAFO, are presented in Figure 4 b). Highest FOD is observed for IDTR (~ 0.07 fires/ km²) and 221 

the lowest for PMPTR (~ 0.01 fires/ km²). Whereas the maximum BAP (15.5%) and BAFO (~ 222 

2.2 km²/fire) is exhibited by IDTR and the lowest by KNTR, (0.2 %) and BAFO (~ 0.2 223 

km²/fire). 224 

 225 

Fig. 5: Relative flammability of forest types (Wm) for central Indian TRs 226 

 227 

Table S7 compares conventional fire metrics (fire occurrence and burned area) with the 228 

proposed normalized metrics (FOD, BAP, and BAFO). Several Tiger Reserves (TRs) exhibited 229 

contrasting fire characteristics after normalization. Indravati TR recorded the highest burned 230 

area (454.83 km²) and fire occurrence (203.59 detections), together with the highest BAP 231 

(15.56%), FOD (0.070 detections km⁻²), and BAFO (2.23 km² per detection), indicating the 232 

greatest relative fire impact. In contrast, Pench MP TR (PMPTR) consistently exhibited the 233 

lowest values for both conventional and normalized fire metrics. 234 



17 

 

Although fire occurrence and burned area provide useful measures of fire activity, they do not 235 

account for differences in reserve size. Consequently, the normalized metrics provide a 236 

complementary framework for standardized comparison among Tiger Reserves. (Figure 4b), 237 

i.e. FOD, BAP, and BAFO, as defined in equation (1), (2) and (3), respectively. Here, FOD 238 

and BAP provide normalized values of fire occurrences and burned area, respectively, with 239 

respect to the area of the TR. Whereas, BAFO represents burned area per occurrence, which 240 

depends on the flammability of the forest. All these derived metrics are also controlled by the 241 

effective management. This suggests that these metrics provide better understanding of forest 242 

characteristics (in terms of flammable forest types) and effectiveness of the forest management 243 

(in terms of MEE Score). Accordingly, we analyse the variations of FOD, BAP and BAFO 244 

within the 14 TRs.  245 

We statistically determine the relative flammability of forest type Wm  (Figure 5), which 246 

indicates deciduous forest type to be the most flammable (70.02%), followed by savannas 247 

(11.14%). mixed forest (8.01%) and grasslands (7.64%) have comparatively smaller Wm values 248 

(Table S8). The area of flammable forest types across Central Indian TRs are given in Table 249 

S3 (supplementary information), and FFI calculation provide in section S2 of supplementary 250 

information. We find that FFI values (calculated using equation 5) for USTR (47.50) and IDTR 251 

(47.20) are similar, which are also the highest amongst the 14 TRs. While relatively lower FFI 252 

values are observed in SDTR (7.45), BRTR (7.00) and BGTR (6.55). Additionally, NNTR 253 

(37.1), AKTR (34.37), and TATR (34.61) also exhibited relatively high FFI values. Moderate 254 

FFI are observed in MGTR (19.79) and SPTR (14.54), reflecting intermediate fire spread 255 

patterns. In contrast, TRs such as PMPTR (40.03) and PMHTR (44.94) appear as anomalies.  256 

FFI was inversely associated with MEE (Figure 6). Tiger Reserves with relatively higher MEE 257 

scores generally exhibited lower BAFO and BAP values; however, these relationships 258 

represent statistical associations rather than evidence of causal effects. MEE scores ranged 259 
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from 53.79 for IDTR to 93.18 for SPTR, whereas TRs such as KNTR and PMHTR have MEE 260 

scores of 91.67 and 90.91, respectively.  261 

 262 

Fig 6: FFI values and MEE Scores of TRs 263 

Further, Pearson’s correlation analysis is performed (Table 4) amongst the variables including 264 

FFI and MEE Score. The t-statistics, and p-values of correlation are presented in the Table S4. 265 

The outcomes reveal that FFI has a strong positive correlation with BAFO (r = 0.64, p-value = 266 

1.9 x 10-03), BAP (r = 0.54, p-value = 1.1 x 10-02), and burned area (r = 0.50, p-value = 2.2 x 267 

10-02). Whereas the correlation between FOD and FFI is relatively weak (r = 0.30, p-value = 268 

1.8 x 10-01). MEE score is found to strongly influence on BAP (r = -0.73, p-value = 1.5 x 10-
269 

04), BAFO (r = -0.70, p-value = 4.2 x 10-04), and burned area (r = -0.67, p-value = 8.3x10-04), 270 

while it moderately affects the fire occurrence (r = -0.55, p-value = 9.4 x 10-03) and FOD (r = - 271 

0.56, p-value = 8.9 x 10-03). Both MEE and FFI show stronger associations with spread-272 

dependent metrics (BAFO, BAP, and burned area) than with fire occurrences-based metrics 273 

(FOD and Fire occurrence).  274 
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Table 4: Pairwise Pearson correlation coefficients (r) and significance among fire-275 

related variables and MEE Score. 276 

SN Variable 1 Variable 2  r Significance level 

1 Fire Occurrence Burned Area 0.92 **** 

2 Fire Occurrence BAFO 0.71 **** 

3 Fire Occurrence FOD 0.65 **** 

4 Fire Occurrence BAP 0.82 **** 

5 Fire Occurrence FFI 0.40 * 

6 Fire Occurrence MEE Score -0.55 **** 

7 Burned Area BAFO 0.85 **** 

8 Burned Area FOD 0.61 **** 

9 Burned Area BAP 0.92 **** 

10 Burned Area FFI 0.50 ** 

11 Burned Area MEE Score -0.67 **** 

12 BAFO FOD 0.68 **** 

13 BAFO BAP 0.93 **** 

14 BAFO FFI 0.64 **** 

15 BAFO MEE Score -0.70 **** 

16 FOD BAP 0.83 **** 

17 FOD FFI 0.30 NS 

18 FOD MEE Score -0.56 **** 

19 BAP FFI 0.54 *** 

20 BAP MEE Score -0.73 **** 

21 FFI MEE Score -0.37 * 

Significance levels: **** p ≤ 0.01; *** p ≤ 0.02; ** p ≤ 0.05; * p ≤ 0.10; NS = not 277 

significant. 278 

4. Discussion 279 

This study complements conventional fire metrics with normalized descriptors that enable 280 

standardized comparison among Tiger Reserves of different geographical extents. FOD, BAP, 281 

and BAFO capture complementary dimensions of fire activity by representing fire 282 

concentration, proportional burned area, and the average burned area associated with each 283 

active fire detection, respectively. The variability observed across the 14 Tiger Reserves 284 

highlights the limitations of conventional metrics for inter-reserve comparison and 285 
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demonstrates the value of normalized indicators for heterogeneous landscapes (Andela et al., 286 

2019). 287 

The results indicate that fire spread, rather than fire frequency alone, is an important dimension 288 

of fire regimes in central Indian forests. For example, KNTR recorded 41.45 fires year⁻¹ but 289 

had a BAFO of only 0.15 km² fire⁻¹, whereas PMHTR experienced fewer fire occurrences 290 

(27.36 year⁻¹) but a much higher BAFO (1.17 km² fire⁻¹), indicating larger average burned 291 

areas per active fire detection. Similarly, NNTR and AKTR exhibited comparable burned areas 292 

but substantially different BAP values, reflecting contrasting proportional fire impacts after 293 

accounting for reserve size. These observations are consistent with global evidence that a 294 

relatively small proportion of fires contributes disproportionately to total burned area (Andela 295 

et al., 2019; Giglio et al., 2018), suggesting that frequency-based metrics alone may not 296 

adequately characterize landscape-scale fire impacts (Archibald et al., 2013). 297 

Vegetation characteristics also influence fire dynamics. Deciduous-dominated forests, which 298 

accumulate substantial dry litter during the pre-monsoon season, exhibit higher flammability 299 

and enhanced fire spread potential (Bowman et al., 2009; Kumar et al., 2022). The FFI provides 300 

a relative measure of vegetation-driven fire susceptibility; however, the observed variability 301 

among reserves indicates that flammability alone does not explain fire activity and should be 302 

interpreted alongside management and environmental factors (Pausas & Keeley, 2009; 303 

Archibald et al., 2013). The strong negative associations between MEE scores and spread-304 

dependent metrics (BAP, BAFO, and burned area) further suggest that effective management 305 

primarily limits fire extent rather than ignition frequency. Reserves with high flammability and 306 

lower MEE scores, such as Indravati and Udanti-Sitanadi, generally exhibited greater fire 307 

activity than better-managed reserves (Table S6) (Yadav et al., 2023). 308 
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The significant correlations among burned area, BAP, and BAFO emphasize the importance of 309 

fire spread in determining overall fire impact, whereas the weaker association between FOD 310 

and FFI indicates the comparatively limited explanatory value of frequency-based metrics. 311 

Since FOD, BAP, and BAFO are derived from fire occurrence and burned area, these 312 

correlations are expected and should not be interpreted as evidence of independent predictive 313 

relationships. Instead, they support the consistency of the proposed descriptors for comparative 314 

fire assessment. 315 

Ecologically, higher BAP and BAFO values indicate more extensive fire spread and greater 316 

average burned area per active fire detection, which may contribute to habitat degradation, 317 

biomass loss, and adverse effects on wildlife populations, including tigers (Qureshi et al., 2023) 318 

(Table S5). Conversely, lower spread metrics are associated with more controlled fire regimes 319 

that may enhance ecosystem resilience (Bond & Keeley, 2005). Overall, the findings suggest 320 

that fire regimes in central Indian forests are associated with the interaction of fire spread, 321 

vegetation characteristics, and management effectiveness. 322 

Limitations of the study 323 

Despite its merits, the proposed approach has several limitations. First, the reliance on MODIS-324 

derived datasets introduces uncertainty due to their moderate spatial resolution, which may 325 

omit small or low-intensity fires. Accordingly, the proposed metrics should be interpreted as 326 

regional-scale comparative indicators derived from a consistent long-term satellite record 327 

rather than absolute estimates of burned area. Although MODIS fire products have undergone 328 

Stage-3 validation (Giglio et al., 2018), omission errors remain, particularly at finer spatial 329 

scales (Boschetti et al., 2019). Second, BAP and BAFO characterize fire spread and spatial 330 

extent but do not explicitly account for fire intensity or severity, which are important for 331 

assessing ecological damage and post-fire recovery (Keeley, 2009). Third, the MODIS Active 332 
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Fire product records thermal anomaly detections rather than individual fire events; 333 

consequently, repeated detections of the same fire may contribute to reported fire occurrence. 334 

Therefore, the proposed metrics represent long-term satellite-observed fire activity rather than 335 

reconstructed fire-event statistics. 336 

A single reference-year (2020) land-cover dataset was used to characterize vegetation 337 

throughout the study period, and temporal changes in vegetation composition were not 338 

incorporated. Consequently, the FFI should be interpreted as a relative indicator of vegetation-339 

driven fire susceptibility and does not explicitly account for climatic variability, fuel moisture, 340 

or topographic influences, all of which affect fire dynamics (Kelley et al., 2019). Similarly, 341 

MEE scores provide a broad measure of management effectiveness but may not fully capture 342 

real-time operational efficiency or localized fire response.  343 

5. Conclusions 344 

This study develops and evaluates composite forest fire assessment metrics (FOD, BAP, and 345 

BAFO) across 14 central Indian tiger reserves using MODIS-derived datasets (2001–2022). 346 

The results demonstrate that conventional metrics alone are insufficient to capture the 347 

complexity of fire regimes, whereas BAP and BAFO provide improved characterization of fire 348 

spread and landscape-level impact. BAP captures the proportional extent of burned area, while 349 

BAFO reflects the average size of individual fire events across the forests. Fire regimes in 350 

central India are primarily associated with fire spread dynamics rather than fire frequency 351 

alone. Pearson's correlation analysis showed stronger associations of BAP and BAFO with 352 

burned area than FOD. Further, fire spread is found to be strongly influenced by the vegetation 353 

characteristics and management effectiveness. Highly flammable deciduous-dominated 354 

reserves, such as IDTR and USTR, exhibit elevated fire activity, particularly under lower MEE 355 

scores. The FFI provides a useful relative measure of vegetation-driven fire susceptibility, 356 
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while MEE highlights the critical role of governance in constraining fire extent. Ecologically, 357 

the results emphasize that region prone to extensive fires can cause habitat degradation and 358 

negatively affect wildlife, whereas controlled fire regimes may support ecosystem resilience. 359 

Overall, we provide a unified context linking fire extent, flammability, and management 360 

effectiveness for improved fire monitoring, policy, and conservation planning. 361 
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