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Abstract: Wildfires are a recurring and increasingly severe hazard in California, with substantial ecological, 

economic, and social consequences. The Thomas Fire of December 2017, the eighth largest in state history, caused 

extensive vegetation loss and infrastructure damage, emphasizing the need for effective monitoring of fire-prone 

landscapes. Vegetation health and canopy water content are key determinants of wildfire susceptibility. Stressed or 

desiccated vegetation is more flammable, while healthy, well-hydrated vegetation is less likely to ignite. Using remote 

sensing, these conditions can be monitored across large areas and over time. This study analyzes Landsat 8 OLI and 

TIRS time-series data (2013–2017) for the Thomas Fire site. Data were processed in Esri ArcMap 10.7 to derive the 

Normalized Difference Vegetation Index (NDVI), indicating vegetation vigor, and the Normalized Difference Water 

Index (NDWI), indicating canopy moisture. Results show that declines in NDVI and NDWI preceded the fire, 

suggesting that Landsat-derived indices can support wildfire risk assessment by identifying vegetation stress and low 

canopy water content as early warning indicators. 
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Introduction 

California has experienced some of the deadliest wildfires in recent years. Some of the deadliest wildfires in 

California include Camp fire and Thomas Fire. Wildfire season in California starts in late Spring around May 

and runs through December. In 2023, the number of wildfire incidents was 7386 and around 332,822 Acres 

were burned, and this was significantly less than the fiver year average (CAL FIRE, 2025). The fire season in 

2023 was significantly less destructive than the other years owing to weather conditions and proactive 

management. In 2024, the number of wildfire incidents was 8,024 and 1 million acres were burned (CAL Fire, 

2025). Wildfire activity in 2024 was significantly higher than the previous years and this has been attributed 

to hotter than usual temperatures in June and an increase in fine fuels. The largest wildfire in 2024 was the 

Park Fire in Southern California (Butte County) which started in July 2024 and destroyed 429, 603 acres. 2025 

has seen some unprecedented early fires starting in January and till date there has been 2990 wildfire incidents 

(CAL FIRE, 2025). Wild-fire has profound impacts on soil properties and stability (Francos et al., 2016), soil 

microbial communities (Prendergast-Miller et al., 2017), hydrological processes (Mahat et al., 2015; Pimentel 

et al., 2014; Nunes et al., 2020), infant health (McCoy et al., 2021), health of fire fighters (Navarro, 2020). 

State of California, Department of Forestry and Fire Protection (CAL FIRE) has been enacting various 

preventive measures to manage wildfire. These preventive measures include fuels reduction which involves 

reducing overgrown vegetation, use of prescribed fires, requiring campfire permits for campfires in public 

lands. Drier vegetation subjected to hotter air temperatures contribute to an increase in wildfires. Monitoring 

vegetation health and water stress, through the use of remote sensing data-derived indices will be instrumental 

in identifying areas vulnerable to wildfire occurrence, and in mitigating impacts of wildfire. Remote Sensing 

da-ta-derived indices NDVI and NDWI have been used for a wide array of applications as listed in the 

following paragraphs.  
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Normalized Difference Vegetation Index is an indicator of vegetation greenness and vegetation health (Tucker, 

1979). The value of NDVI ranges from -1 to +1. Higher values of NDVI indicates greener vegetation. NDWI 

is an indicator of the vegetation water content and is less impacted by atmospheric scattering effects (Gao, 

1996). The value of NDWI ranges from -1 to +1. Lower values of NDWI indicate water-stressed vegetation. 

The correlation between Landsat derived NDVI, NDWI and vegetation water content has been explored and 

NDWI was found to be more sensitive to changes in vegetation water content (Jackson et al., 2004). NDWI 

has been found to be effective in the detection and monitoring of vegetation soil moisture (Jackson et al., 2004;  

Chen et al., 2005). 

NDVI derived from remote sensing data has been extensively used for vegetation drought monitoring (Kogan, 

1995; Ji & Peters, 2003; Gu et al., 2007; Gu et al., 2008; Zhang et al., 2013). NDVI has also been found to 

correlate with crop productivity (Naser et al., 2020) and has been used for studying vegetation degradation 

(Zhumanova et al., 2018). NDVI and NDWI derived from MODIS data have been used for monitoring live 

fuel moisture in Southern California and NDWI was found to correlate significantly with live fuel moisture 

(Dennison et al., 2005). In a study in a walnut orchard in Central California, NDVI from high-resolution 

multispectral imagery was used to assess the correlation between NDVI, red edge indices and stem water 

potential, the results indicate a correlation with a R Square value of 0.63 (Wang & Jin, 2023). In a study 

involving sampling sites in the western US, the correlation between Landsat-5 surface reflectance-derived 

NDVI, NDWI, other spectral indices and field sampled Live Fuel Moisture Content (LFMC) was explored 

(Garcia et al., 2020). The LFMC product estimated from the spectral indices using linear regression model, 

were used in fire behavior modeling (Garcia et al., 2020).  

In this paper the relationship between vegetation health, vegetation water stress and wildfire occurrences is 

explored through the use of Landsat 8 surface reflectance-derived NDVI and NDWI. The question primarily 

answered through this re-search is “Can NDVI and NDWI be used to identify areas vulnerable to wildfire 

triggers and occurrences?” To answer this question time series of NDVI and NDWI images were created and 

analyzed to assess vegetation health and water stress prior to the occurrence of the deadly Thomas Fire, which 

started on December 4, 2017. Further, the indices were analyzed in conjunction with meteorological data to 

identify triggers of wildfire attributed to high windspeeds, and extended periods of high temperatures.  

 
Figure 1. Land Cover Map of the Thomas Fire Site. 
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Study Area, Data and Method 

Study Area 

Ventura county prone to the deadliest Thomas Fire, and Woolsey fire was used for this research. Specifically, 

the Thomas Fire site was used as the case study site. Latitude and longitude of the study site are 34.41521 °N 

and 119.099124 °W.  Land cover map of the Thomas Fire site is shown in Figure 1. The land cover data was 

downloaded from the from the Multi- Resolution Land Characteristics Consortium Website. Land cover class 

at the Thomas Fire site is predominantly shrub/scrub. 

Data Used 

Landsat 8 OLI and TIRS Level -1 GeoTIFF data was downloaded from USGS GloVis Viewer. A filter was 

set in GloVis to identify and download Landsat scenes with cloud coverless than 20 percent. 75 Landsat scenes 

acquired in the months of April (04/01) through November (11/30) for the years 2013 to 2017, were 

downloaded and processed. Additionally, Landsat 8 OLI and TIRS scene was downloaded and processed for 

December 2, 2017, 2 days prior to the occurrence of the Thomas Fire. Information on Landsat data used for 

this study is in Table 1. 

Table 1. Landsat-8 OLI and TIRS Study Site Specific Information 

Methodology 

The Landsat data scenes downloaded from USGS GloVis Server (https://glovis.usgs.gov/). During the process 

of downloading the data, a filter was set to exclude any Landsat scene with cloud cover greater than 20%. Total 

of 75 Landsat 8 scenes were downloaded. Further, the Landsat scenes was processed in ArcMap 10.7. Landsat 

8 surface reflectance data was used for computing NDVI and NDWI.  

NDVI, NDWI, images were generated using Spatial Analyst raster calculator tool in ArcGIS. The process to 

generate NDVI and NDWI images was automated using Model Builder tools in ArcMap 10.7 to process 

multiple scenes A toolbox for water stress analysis was created. A toolbox for water stress analysis was created 

in ArcMap 10.7. The toolbox consists of NDVI tool, and NDWI tool created using Model Builder. The 

WaterStress Analysis toolbox, and the NDVI and NDWI model builder tools are shown in Figures 2, 3, and 4. 

 
Figure 2. Water stress Analysis Toolbox 

Year 

Latitude (N) and  

Longitude (W) of the 

Study Site 

Landsat 8 Path and Row 
Landsat 

Sensors 

Landsat Scene 

acquisition time 

period 

Number of 

Landsat 

Scenes 

Processed 

2013 
34.41521 (N) and  

119.099124 (W) 
Path = 41, Row = 36 OLI and TIRS 

04/01/2013 to 

11/30/2013 
11 

2014 
34.41521 (N) and  

119.099124 (W) 
Path = 41, Row = 36 OLI and TIRS 

04/01/2014 to 

11/30/2014 
9 

2015 
34.41521 (N) and  

119.099124 (W) 
Path = 41, Row = 36 OLI and TIRS 

04/01/2015 to 

11/30/2015 
11 

2016 
34.41521 (N) and  

119.099124 (W) 
Path = 41, Row = 36 OLI and TIRS 

04/01/2016 to 

11/30/2016 
9 

2017 
34.41521 (N) and  

119.099124 (W) 
Path = 41, Row = 36 OLI and TIRS 

04/01/2017 to 

12/02/2017 
13 
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Figure 3. Model Builder Tool to Compute NDVI 

 
Figure 4. Model Builder Tool to Compute NDWI 

NDVI is computed using the reflectance in the red and near-infrared bands. In Landsat 8, bands 4 and 5 

correspond to red and near-infrared (NIR) bands, respectively. In this paper, NDVI is estimated using band 4 

(0.636 to 0.673 µm) and band 5 (0.851 to 0.879 µm) of Landsat-8 OLI and TIRS data. 

 NDVI = (ρNIR - ρRED)/ (ρNIR + ρRED) (1) 

The raster calculator equation used to compute NDVI was: 

 NDVI = (Band 5 – Band 4)/(Band 5 + Band 4) (2)     

NDWI was proposed to measure water content in vegetation (Gao 1996). NDWI is computed using the 

reflectance in the near-infrared (NIR) and short-wave infrared (SWIR) bands. In this paper, NDWI is estimated 

using band 5 (0.851 to 0.879 µm) and band 6 (1.566 to 1.651 µm) of Landsat 8 OLI and TIRS data.  

 NDWI = (ρNIR – ρSWIR)/ (ρNIR + ρSWIR) (3) 
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The raster calculator equation used to compute NDWI was: 

 NDWI = (Band 5 – Band 6)/ (Band 5 + Band 6) (4) 

NDVI and NDWI images were generated to the extent of each Landsat scene. In order to analyze NDVI and 

NDWI at the Thomas Fire site, the NDVI and NDWI values of 6 pixels in and around the vicinity of the site 

was averaged to find a single representative value of NDVI and NDWI. Pixel based values of NDVI and NDWI 

used to compute the averaged NDVI and NDWI values at the Thomas Fire site is shown in Figures 5 and 6.  

 
Figure 5 . Pixel based NDVI Values in and around the Thomas Fire site 

 
Figure 6.  Pixel based NDWI Values in and around the Thomas Fire site 

Results and Discussion 

NDVI values at the Thomas Fire site was observed to decrease gradually from April through November. This 

trend was observed across all the years. The decreasing trend of NDVI values from April through November 

during the time period of 2013 through 2017, is shown in Figure 7a. The NDVI values at the Thomas Fire site 

on December 2, 2017 was 0.1. The NDWI value at the Thomas Fire Site has a trend similar to that of NDVI 

and is shown in Figure 7b. The NDWI value on December 2, 2017 was estimated to be -0.0555 and this value 

indicates water stressed vegetation. The values of NDVI and NDWI on December 2, 2017, two days prior to 

the Thomas Fire incident indicates dry and water stressed vegetation. The mean value of NDVI and NDWI at 

the Thomas Fire site from April through December 2, 2017 is shown in Table 2. 
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(a) 

 
(b) 

Figure 7. Trend of NDVI and NDWI Values from April through November, 2017. (a) NDVI Values. (b) NDWI Values. 

Table 2. NDVI and NDWI values at the Thomas Fire Site in 2017 

Date Mean NDVI Mean NDWI 

4/22/2017 0.4027 0.1778 

5/19/2017 0.3780 0.1542 

6/9/2017 0.3083 0.0772 

6/25/2017 0.2713 0.0158 

7/11/2017 0.2167 -0.0308 

7/27/2017 0.2083 -0.0535 

8/12/2017 0.1897 -0.0688 

8/28/2017 0.1705 -0.0888 

9/13/2017 0.1688 -0.0697 

10/6/2017 0.1670 -0.0923 

10/22/2017 0.1300 -0.0828 

11/16/2017 0.1260 -0.0660 

12/2/2017 0.100 -0.0555 
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The daily temperature, precipitation, and wind speed data for the Thomas Fire site’s nearest weather station 

(Oxnard Ventura Co Airport, station ID: USW00093110) were obtained from NOAA National Centers for 

Environmental Information. The analysis of temperature data from April through December of 2017 for the 

Thomas Fire site indicates a total 143 days out of 365 days with temperature greater than 85° Fahrenheit . 

Also, there was no significant rain from April through December of 2017. Los Angeles and Ventura counties 

are  prone to strong Santa Ana winds. The fastest five-minute wind speed on the day of the Thomas Fire 

incident was 42.9 miles/hour. 

Based on the results from the study, it can be inferred that the Thomas fire site exhibited significantly low 

values of NDVI and NDWI which corresponds to dry and water stressed vegetation and when the site was 

subjected to high winds the wildfire was triggered.  This study indicates the potential of Landsat 8 surface 

reflectance–derived indices of NDVI and NDWI in identifying areas with dry and water stressed vegetation 

which are more susceptible to triggers of wildfire.  

Conclusions 

The results of the study demonstrate the potential to use Landsat 8 surface reflectance-derived NDVI and 

NDWI for identifying areas susceptible to wildfires. Identifying and monitoring areas vulnerable to wildfires 

using NDVI and NDWI will be of vital use to local and state government agencies to mitigate wildfire risk 

hazards. Future study would extend the analysis to other case study sites in California and explore correlations 

between NDVI, NDWI and wildfire intensity. 
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