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Large wildfires are becoming more frequent

• The number of large wildfires and large fire area are 
trending upward1

• The trend is expected to continue as climate change 
leads to increases in temperature and vapor pressure 
deficit causing increased fuel aridity2

1- Dennison et al., 2014; 
2- Abatzoglou & Williams, 2016;
Images: Troy Saltiel;
Data: CAL FIRE, NIFC
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Presenter Notes
Presentation Notes
The inspiration for this work was fueled by the increasing trend of large wildfires across the country. NIFC fire data in the figure at the bottom indicates more acres burned with a consistent number of fires, so larger fires. The trend of larger wildfires and more acres burned is expected to continue across the country, as climate change increases fuel aridity.
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Fire retardant as a fire management tool

• The application of fire retardants via air tankers is a 
critical tool to slow or contain wildfires3,4

• Drops are not exact due to flight turbulence, visibility, 
wind, and topographic influences5

• The precise location of dropped fire retardants is 
important for5-7:

• Efficacy of application to fire management objectives
• Improving aerial delivery methods
• Proximity to riparian/sensitive areas
• Materials and billing accounting

3- Stonesifer et al., 2021; 4- Calkin et al., 2014; 5- Plucinski and Pastor, 2013; 
6- Gimenez et al., 2004; 7- USDA, 2020; Images: NIFC
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Presenter Notes
Presentation Notes
Chemical fire suppressants, or fire retardants, are typically applied to problem fires via air tanker. Problem fires can span from large, out of control fires to smaller fires threatening the urban corridor. Retardant drops are carefully planned to avoid sensitive habitat and to maximize fire line effectiveness, however, flight turbulence, visibility, wind, and topography can influence the actual drop location. It’s important to survey retardant coverage for situational awareness, proximity to riparian areas, and to improve planning of future drops.



4

What is fire retardant?

Fire retardant is a mixture of water, fertilizer salts, 
and other additives8.

• Salts slow combustion of fuels (plant material)
• Natural gums and clays prevent dispersal 
• Colored red with iron oxide for tracking purposes

8- NIFC, 2019;
Images: Wikimedia Commons
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Presenter Notes
Presentation Notes
So, what exactly is fire retardant? It is a mixture of water, fertilizer salts, and other additives. The fertilizer salts in fire retardant cause a chemical reaction which draws energy away from the fire, leading to a slower rate of spread and flame intensity. Gums and clays prevent dispersal as it is important that the retardant sticks to the surface of fuels. It’s colored red with iron oxides for tracking purposes. We can use this property to help map the fire retardant.
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There is a need for faster, more comprehensive 
fire retardant mapping

• Fire retardant is typically GPS-mapped post hoc by 
aerial survey (up to 7–14-day turnaround)

• Additional aviation activity – safety, costs, timing

• Simple lines are mapped, does not capture footprint

• Limited documented efforts using spaceborne remote 
sensing to map fire retardant9-12

• Fire retardant mapping can be integrated to 
automated, cloud-based disaster response workflows, 
like PNNL’s Rapid Analytics for Disaster Response 
(RADR)

9- Ambrosia et al., 2013; 10- Allison et al., 2016; 
11- Chuvieco et al., 2020; 12- Lentile et al., 2006

Aerially mapped fire retardant drops over the Telegraph 
Fire (Arizona, 2021)
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Presenter Notes
Presentation Notes
Fire retardant is typically mapped aerially post hoc as line features, which can take as long as a week or two and requires considerable effort. Only simple lines are mapped which will not capture the entire footprint making evaluation of the fireline difficult. Spaceborne remote sensing can map the full extent of dropped retardant. At the moment, there has been very little work using spaceborne remote sensing to map fire retardant, which could greatly reduce mapping time and cost. Additionally, spaceborne mapping can be integrated into rapid response workflows, like PNNL’s Rapid Analytics for Disaster Response, which is a suite of tools for natural disaster response and already includes products for heat perimeter and burn severity mapping. 
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Goal: Test the capability of machine learning 
classifiers to map fire retardant

• Can fire retardant be accurately 
mapped using spaceborne remote 
sensing and machine learning 
classification techniques?

• Are the results accurate enough for 
rapid response?

• Are there any special considerations or 
challenges for this application?

UNCLASSIFIED

Presenter Notes
Presentation Notes
For this work, we’re seeking to produce a performance baseline for machine learning classifiers applied to satellite imagery over fires. As a secondary goal, we want to see if model results are promising enough that we could eventually incorporate the model into rapid response workflows. Since there has been little prior study on classification of retardant, we’re interested in any special considerations we’ll need for mapping fire retardant. We follow a standard machine learning methodology which I’ll detail in the following slides. 
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Study area: Southwest US, 2020 and 2021

Covers 434k ac (176k ha) of 
burned area

• 5 training sites
• 2 testing sites

UNCLASSIFIED

Presenter Notes
Presentation Notes
The study area covers 434,000 acres of burned area for fires that occurred during the 2020 and 2021 fire seasons. There are 5 training sites shown on the map in yellow, and 2 testing sites in red. The testing sites were chosen because we have aerially mapped lines of fire retardant drops for comparison.
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Initial work: testing machine learning classifiers 
on Sentinel-2 imagery

• Sentinel-2 has an approx. 5-day revisit time with 13-band multispectral imagery including 
near and shortwave infrared

• To improve results, we difference images (post-fire minus pre-fire) to detect changes
• We also classify burned/unburned and clouds/shadows

Blue River FireUNCLASSIFIED

Presenter Notes
Presentation Notes
We use Sentinel-2 imagery for this application. The Sentinel-2 constellation has a 5-day revisit time with 10 m multispectral imagery including bands in the near and shortwave infrared, particularly useful for mapping fires. In the US Southwest, iron oxide rich soils are common, so we subtract pre-application imagery from post-application imagery to produce a differenced image. We also map burned and unburned area, as well as clouds and shadows. Because we’re interested in rapid response, we wanted cloud classification real-time instead of waiting for fully processed images with cloud masks.
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Model training and parameter 
tuning

• We tested supervised machine learning methods: random 
forest, support vector machine, gradient boosting

• Input image bands reduced to 2, 3, 4, 5, 8, 11, 12 through 
testing and feature importance (B, G, R, RE1, NIR, SWIR2, 
SWIR3)

• Model is selected using a parameter grid search and spatial 
cross-validation
▪ Spatial Cross Validation via ‘leave-one-group-out’, where 

each group is a training site
• Model is evaluated on the hold-out test set

Blue River Fire (training set)UNCLASSIFIED

Presenter Notes
Presentation Notes
For model selection, we tested random forest, support vector machine, and gradient boosting. To reduce model run time and improve accuracy, we subset the bands in the imagery to blue, green, red, red-edge, near infrared, and two shortwave infrared. The model selection process employed a parameter grid search and spatial cross-validation on each model. The spatial cross-validation was leave-one-group-out, where each group is a separate training site. The test sites, the Telegraph and Mescal fires, were held-out for accuracy metrics. These sites had somewhat challenging imagery with many retardant drops of varying apparent density, plus smoke, clouds, and shadows.



10

Results: Gradient Boosting had the highest F1 
score for fire retardant

Model Overall Accuracy Retardant Precision Retardant Recall Retardant F1 Score

Random Forest 0.873 0.997 0.589 0.740

Support Vector Machine 0.912 0.990 0.549 0.706

Gradient Boosting 0.881 0.999 0.615 0.761

Class Retardant Burned Unburned Cloud Postfire Cloud Prefire Shadow Post-fire Shadow Pre-fire

Precision 0.999 0.803 0.920 0.883 0.714 0.605 0.960

Recall 0.615 0.999 0.997 0.875 0.583 0.330 0.855

F1 Score 0.761 0.890 0.957 0.879 0.642 0.427 0.904

Gradient Boosting Model Class Accuracy (Holdout Test Dataset)

Model Comparison (Holdout Test Dataset)
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Presenter Notes
Presentation Notes
The best of the methods for mapping fire retardant was gradient boosting, followed by random forest and support vector machine. For all models, precision was high while recall was low, comparing to our set of hand-digitized reference data. This means that retardant was not predicted where other reference data were mapped and the model underpredicted retardant. Looking at the class breakdown for gradient boosting, clouds and shadows were a major source of error.
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Gradient Boosting Model Prediction (Telegraph)
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Presenter Notes
Presentation Notes
This is the differenced image and prediction for the Telegraph fire with aerial mappings shown as dashed lines. In the northwest corner, the retardant has a strong signal and is covered by both the aerial mappings and model prediction. In the center of the image, the model prediction captures each instance but underpredicts the extent where the signal is weak. In some cases, the model correctly predicted retardant where the aerial mapping did not. Towards the southwest corner of the imagery, we can see an example of cloud cover, which causes some confusion in the model.
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Key takeaways

• Fire retardant can be accurately mapped using machine learning classifiers

• With some improvements, the results should be reliable enough for automated mapping

• Our biggest challenge was clouds causing fringing in the difference imagery resulting in 
misclassifications

• Spaceborne mapping offers improvements to traditional aerial surveying, including 
potentially faster results, less overhead, and increased dimensionality (area mapping  vs. 
line)

UNCLASSIFIED

Presenter Notes
Presentation Notes
We believe this initial effort shows promise for accurate, rapid mapping of fire retardant using machine learning classifiers. Our biggest challenge was the handling of clouds when working with rapidly acquired imagery. However, if we get this operational, the product could offer improvements to traditional aerial surveying, with potentially faster results, less overhead, and area mapping instead of just line mapping.
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Future work

Capabilities

• Integration of additional platforms (Landsat, commercial satellites)
• Add rapid fire retardant mapping capability to Rapid Analytics for Disaster Response for 

Fire (RADR-Fire)
• Estimation of apparent density of retardant

Model Improvements

• Additional training data and environments (more land cover types)
• Implement modern cloud masking algorithms
• Incorporate other processing steps like feature engineering or segmentation to improve 

model results
• Test other classification methods like deep learning

UNCLASSIFIED

Presenter Notes
Presentation Notes
For future work, we’d like to incorporate additional multispectral platforms and add retardant mapping to the Rapid Analytics for Disaster Response suite. We could also add an estimation of the apparent density of fire retardant which could help inform application effectiveness. We have several avenues for model improvement. Our study area could be expanded to include more diverse environments. Clouds were one of the major sources of error in our model, and incorporation of a modern cloud masking algorithm could remove or flag problem areas. We could incorporate other processing steps like feature engineering, where we can create additional inputs to the model that are derived from other data, such as spectral indices. We could also apply segmentation to remove noise. Finally, we can test other classification methods like deep learning, though we’ll have to study the tradeoffs between any additional processing overhead and improvements in model accuracy.
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Confusion Matrix (gradient boosting, test sites)

Reference
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n

Retardant Burned Unburned Cloud 
Postfire

Cloud 
Prefire

Shadow 
Postfire

Shadow 
Prefire

All

Retardant 15575 0 20 0 2 0 0 15597

Burned 1552 40121 305 465 1362 6155 27 49987

Unburned 7887 42 110458 749 817 0 167 120120

Cloud 
Postfire

1 0 4 11443 0 0 1512 12960

Cloud 
Prefire

0 0 2 0 6552 2619 0 9173

Shadow 
Postfire

312 0 0 0 2514 4322 0 7148

Shadow 
Prefire

0 0 0 418 0 0 10058 10476

All 25327 40163 110789 13075 11247 13096 11764 225461
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Accuracy with R,G,B bands only

• Train Overall Accuracy: 0.680

• Test Overall Accuracy: 0.802

• Test Retardant Precision: 0.983

• Test Retardant Recall: 0.479

• Test Retardant F1 Score: 0.644
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Image band feature importances

Band 
(Name)

2 (Blue) 3 (Green) 4 (Red) 5 (Red-edge) 8 (NIR) 11 (SWIR1) 12 (SWIR2)

Importance 0.108 0.162 0.201 0.114 0.108 0.084 0.223
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