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Abstract


Aerial application of fire retardant is a critical tool for managing wildland fire spread. Retardant applications are carefully planned to maximize fire line effectiveness, improve firefighter safety, protect high-value resources and assets, and limit environmental impact. However, topography, wind, visibility, and aircraft orientation can lead to differences between planned drop locations and the actual placement of the retardant. Information on the precise placement and areal extent of the dropped retardant can provide wildland fire managers with key information to (1) adaptively manage event resources, (2) assess the effectiveness of retardant slowing or stopping fire spread, (3) document location in relation to ecologically sensitive areas; and perform or validate cost-accounting for drop services. This study uses Sentinel-2 satellite data and commonly used machine learning classifiers to test an automated approach for detecting and mapping retardant application. We show that a multiclass model (retardant, burned, unburned, and cloud artifact classes) outperforms a single-class retardant model and that image differencing (post-application minus pre-application) outperforms single-image models. Compared to the random forest and support vector machine, the gradient boosting model performed the best with an overall accuracy of 0.88 and an F1 Score of 0.76 for fire retardant, though results were comparable for all three models. Our approach maps the full areal extent of the dropped retardant within minutes of image availability, rather than linear representations currently mapped by aerial GPS surveys. The development of this capability allows for the rapid assessment of retardant effectiveness and documentation of placement in relation to sensitive environments.
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1. Introduction


With the increase in large and complex wildland fires, there has been a concomitant increase in firefighting infrastructure, including tactical aerial platforms. Aerial application of fire retardant is a critical tool for managing wildland fires and is carefully planned to maximize the effectiveness of each drop [1,2] while protecting the safety of flight and ground crews and minimizing environmental effects. However, visibility, wind, and turbulence can lead to differences between planned drop locations and the dispersal and final placement of the retardant. Additionally, aircraft flight operations and topography can greatly influence the coverage of the drop footprint [3]. Knowing the precise location of the retardant on the landscape is critical in determining the application’s efficacy and documenting the retardant footprint in relation to riparian areas and firefighter locations [3,4,5,6]. Fire retardant placement is commonly mapped as a linear feature via aerial GPS surveys that take place as soon as possible, but often days after the drop. Several studies have used airborne data from infrared cameras to map fire retardants to determine the effect of retardants on fire spread [3,7,8]. Notably, these studies use methods to manually delineate the footprint of the retardant drop (rather than just a centerline), noting that drop dimension is an important factor in the effect of the retardant on fire spread [3]. The ability to carefully track and document drop locations to determine the cost-effectiveness of applications is a data management and resource challenge [2]. The US Forest Service study, Aerial Firefighting Use and Effectiveness (AFUE) presents approaches and metrics to systematically document and assess the utilization and contribution of aerial firefighting methods for wildland fire control [6]. One key finding from this work was that mapping completeness depended on the available personnel and aerial resources, including airspace allocation, with most other aviation operations taking priority; this is especially evident when there was substantial fire activity across large regions.



Satellite remote sensing contributes significantly to wildland fire management for fuel condition assessment, early fire detection, monitoring active burn area and fire front progression, smoke quantification, and post-fire assessments [9,10,11,12,13,14,15]. These data are used to interpret fire activity or as input data to algorithms and models, both physical and statistical (i.e., machine learning). Many recent studies show the value and effectiveness of using machine learning techniques to assess active wildfire events [16]. Jain et al. (2020) identified 300 relevant publications applying machine learning to fire management challenges, including fuel characterization, fire detection and mapping, fire behavior and prediction, fire management, and fire effects [17]. There have been limited attempts to use spaceborne sensors or machine learning applications to map and assess fire retardant placement [12], with no reference in existing review papers focused on wildfire mapping via remote sensing [13,16,18]. However, the Forest Service AFUE report highlighted a need and opportunity to use machine learning for understanding retardant drops. The report stated the need for “machine learning algorithms to facilitate the process of designing new performance metrics through advanced statistical analysis of factors such as fuels, topography, multispectral imagery, and next-generation fire danger indices.” This study takes the first step in addressing the use of spaceborne imagery to enable rapid and remote fire retardant mapping to improve active wildfire management and document applications on past fire events.




2. Materials and Methods


We focused on seven fires in the southwestern U.S. that occurred during the 2020 and 2021 fire seasons (Figure 1; Table 1). These same fires were analyzed as part of active wildfire mapping research [19]. The study sites, located in California, Arizona, and Utah, are characterized by hot and dry conditions with five of the sites dominated by scrub/shrub and the other two by conifer cover types.



This study relied on data from the European Space Agency’s Sentinel-2 multispectral sensor constellation. Sentinel-2 measures reflected energy in optical wavelengths from blue to short-wave infrared at 10-m to 60-m GSD [20]. The short-wave infrared (SWIR) bands are especially informative for active fire mapping as the energy in this wavelength can penetrate through moderate smoke; however, cloud cover may obscure all or portions of a fire. The Sentinel-2 constellation provides a 5-day revisit time at mid-latitudes, making it practical to utilize pre-application/post-application image differencing. Image differencing lowers the signal from unchanged surfaces while the signal from the features of interest (i.e., burn scar, retardant, etc.) is elevated. For long-duration fires, there is an opportunity for several image collections during the event.



We used a supervised classification approach to discriminate the fire retardant from other image features. Three commonly-used machine learning classification models were trained for this application: random forest (RF), gradient boosting (GB), and support vector machine (SVM). The workflow implemented for these models is presented in Figure 2. These methods were selected because they are relatively mature in remote sensing [21] and have shown effectiveness for multispectral classification of land cover, fire, and other disturbance processes [22]. The random forest approach is commonly found to perform the best in terms of accuracy and processing efficiency [23,24], and is one of the most commonly applied methods in the domain of wildfire applications [17]. Additionally, these three models provide a baseline for testing against other machine-learning model architectures in the future.



We trained and tested both single-class and multiclass classification approaches separately for post-application imagery (Figure 3B) and pre- and post-application difference images (Figure 3A,B,D). We collected training samples via visual interpretation of the imagery (Figure 3C). Training labels for the single-class model included presence/absence of fire retardant. The multiclass model included training labels for the following seven classes: retardant, burned, unburned, post-application cloud, pre-application cloud, post-application cloud shadow, and pre-application cloud shadow. For model selection, we employed a leave-one-group-out (LOGO) spatial cross-validation and a parameter grid search where each fire event was considered as a group in the spatial cross-validation. This emulates a real-world scenario wherein a model trained on past events is used to predict a current event (i.e., the left-out group). The parameter grid search tested all combinations of selected parameters to determine those that achieved the highest accuracy for the model. The model was then fit on data from all training sites and tested on a holdout test set. We produced the models in Python with the scikit-learn library (see Supplementary Material, Script S1: Model Training and Testing) as a per-pixel classification.



We assessed model performance using several common metrics including training and testing accuracy, precision, recall, and F1 score. Accuracy ( A ) represents the ratio of correctly predicted pixels to the total labeled pixels (Equation (1)).


  A =   T P + T N    (  T P + F P + F N + T N  )     



(1)




where:



  T P   = number of true positive pixels



  F P   = number of false positive pixels



  F N   = number of false negative (missed) pixels



  T N   = number of true negative pixels



The precision ( P ) is the ratio of correctly predicted occurrences of a phenomenon (i.e., the presence of retardant in the pixel) to the total number of retardant pixels (Equation (2)).


  P =   T P   T P + F P    



(2)







The recall ( R ) is the ratio of correctly predicted retardant pixels to all the labeled retardant pixels (Equation (3)).


  R =   T P   T P + F N    



(3)







The F1 score is the weighted average of the precision and recall values, considering both types of errors, false positives and false negatives (Equation (4)).


  F 1 = 2  {     (  R ∗ P  )     (  R + P  )     }   



(4)








3. Results


To assess model performance, we calculated the overall accuracy (Equation (1)), precision (Equation (2)), recall (Equation (3)), and F1 score (Equation (4)) using the test datasets for the Telegraph and Mescal fires in Arizona (Table 2). We report the overall accuracy for the best model in the parameter grid search fit to the training data (Table 3). To illustrate the error distribution between classes in the best model, a multiclass confusion matrix is included in the Supplementary Material (Table S1).



All three models had comparable accuracy metrics; however, the multiclass classification and difference imagery models consistently had the highest accuracies. Between SVM, RF, and GB, the GB model had the highest F1 score for fire retardant (0.76), though RF had a similar performance (0.74). Figure 4 presents the GB model predictions on the held-out test dataset. For comparison, the aerial GPS surveys for these fires are provided (dashed lines) in Figure 4A,C,E. The model predictions shown in Figure 4B (Telegraph, AZ) covers all field-surveyed retardant. Figure 4D (Telegraph, AZ) reveals retardant that was applied but was not captured in the aerial survey. In Figure 4E (Mescal, AZ), the model captures the most apparent retardant but also includes some inconsistent patches along droplines and some isolated false positives.




4. Discussion


The pre- and post-application difference images provide the best discrimination of retardant coverage. Overall accuracies and F1 scores from these images exceed those from post-application images for each model and class matrix. A better measure of success in mapping retardant locations might be gleaned by looking at the recall metric, which measures the ability to correctly classify targets that occupy a minor fraction of the overall image (e.g., retardant on the landscape). The recall values from the difference images are 2–10× higher than those from post-application images, indicating that the post-application-only image classifications are missing many pixels of retardant that could be mapped effectively via the difference images. The study area, which includes sites with iron oxide-rich surficial geology and soils, may represent increased confusion in the post-application-only images due to the iron oxide additive found in the fire retardant. After retardant application, the difference images show a stronger presence of iron oxide at drop sites, and a difference near zero in the background.



While most fires occur during warm and dry seasons, cloud cover is still an issue. At the time of model development, Sentinel-2 Level 1C data did not include a cloud mask, and cloud shadows were troublesome for the model. The application of modern cloud and cloud shadow masking algorithms would provide the ability to remove these areas from the model and reduce the potential for confusion between classes. This study did not develop or apply a cloud/cloud shadow mask; rather, we created labels for pre-application and post-application instances of clouds and shadows. An effective cloud and cloud shadow mask should improve the technique’s overall accuracy. Additionally, a map of the retardant area would be more informative if the classes (or masked areas) were represented as “unknown” or “cloud obscured”.



The model accuracy differences for the most effective combination of classes and images were relatively small, as measured by the F1 score (SVM, RF, and GB scored 0.70, 0.74, and 0.76, respectively). Considering the small differences between the model scores, additional criteria might be considered when deciding which classification to use. The main difference between RF and GB lies in how the decision trees are built. Unlike RF, the decision trees in GB are built additively (i.e., each decision tree is built one after another); thus, it is slower to train and suffers from potential overfitting. The SVM model is computationally expensive in relation to the RF and GB and, therefore, may be considered less attractive for the task of classifying many pixels over a large area. In light of these issues, the RF model may be preferred.



The results of this analysis are promising, though the classification models we tested generally underpredict the presence of retardant. This is evidenced by the precision and recall numbers for the best-performing model (0.999 and 0.615, respectively). The precision value, or producer accuracy, illustrates that the retardant identified by the model is very likely to be present (i.e., 99% likely). The recall value, or user accuracy, implies that the total number of retardant pixels mapped may be underpredicted by 38.5%. The underprediction is likely the result of a lower signal from the edges of the retardant line, where the retardant is diffuse enough to be confused with the background.



We developed and tested an approach to detect fire retardant using Sentinel-2 Level 1C data from the European Space Agency. The methods developed here could also be applied to other high-resolution multispectral sensors, including Landsat 8, Landsat 9, and WorldView-3, which have similar spectral bands (including SWIR bands). If this approach were to be employed operationally, an increased number of sensors would improve observation cadence and utility in wildfire management. Most spaceborne optical sensors lack a SWIR band which, for this application, ranked highest in band importance; thus, sensors without SWIR may struggle to achieve the same accuracy presented here (see Supplementary Material for test results on band importance Table S2). However, the combination of higher spatial resolution commercial sensors and more complex machine learning models may offer a solution that makes up for the lack of a SWIR band. For example, deep learning architectures like multilayer perceptron (MLP), long short-term memory (LSTM), and 2D or 3D convolutional neural networks (CNNs) may provide comparable results with less ideal spectral data. CNN-based models use pixel convolutions to implicitly learn textures, shapes, and edges of objects in imagery [24] which could be valuable in discriminating the retardant.



Five of the seven study sites over the southwest US are characterized by scrub/shrub cover types. Though retardant drops are likely more effective in these non-forested fuel types [25], models should be tested and updated over a wider geographic region, including more variable cover types.



Future studies would benefit from ground truth that includes detail on the aerial application rate of retardant (i.e., gallons per drop length) and concentration rate of ground-applied fire retardant (i.e., mass per unit area). With these types of data, new models could be developed to quantify the application rate of retardant, rather than just the drop footprint.




5. Conclusions


The aim of this short technical communication is to introduce the concept of using spaceborne optical data to rapidly and automatically detect and map wildfire retardant drop locations. We trained and tested a single-class and multiclass classifier using three commonly used machine learning models on two image sets (post-application only and pre-event and post-application difference imagery) across seven study sites. This study provides a baseline fire retardant detection capability to build from, including testing of different machine learning architectures, training/testing in more diverse cover types, and integrating additional sensors. All three models performed comparatively well, with the GB classification model achieving the highest accuracy and F1 score. The image differencing approach was highly effective in increasing the accuracy of the retardant classification. We show that the automated detection of recently dropped retardant is viable and improves the mapping product from an approximate centerline to a polygon area. This concept has the potential to improve active wildfire management by providing fire managers with more timely information on drop location, extent, and effectiveness, in addition to increasing safety by minimizing the need for aerial survey crews in an already busy and complex airspace. Further, the post-fire documentation of retardant placement near ecologically sensitive areas, and the potential to validate the cost of retardant drop services, can help improve process transparency.
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Figure 1. Study sites for the machine learning model (filled symbols) with all fires ≥ 40 ha in size from 2020 and 2021 (open symbols). The symbols are scaled to the final burn area. 
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Figure 2. The model workflow implemented in this study (SVM = support vector machine; RF = random forest; GB = gradient boosting). 
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Figure 3. Sentinel-2 true-color imagery from the Blue River (Arizona, 2020) fire: (A) pre-application; (B) post-application; (C) post-application with reference labels; (D) difference image post-application minus pre-application. 






Figure 3. Sentinel-2 true-color imagery from the Blue River (Arizona, 2020) fire: (A) pre-application; (B) post-application; (C) post-application with reference labels; (D) difference image post-application minus pre-application.



[image: Remotesensing 15 00342 g003]







[image: Remotesensing 15 00342 g004] 





Figure 4. Gradient boosting model predictions on the held-out test dataset. Dashed lines show aerial GPS surveys (left panel images). (A) Telegraph, AZ post-application true-color imagery; (B) model prediction for (A); (C) Telegraph, AZ post-application true-color imagery; (D) model prediction for (C); (E) Mescal, AZ post-application true-color imagery; (F) model prediction for (E). 
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Table 1. Fire incident and imagery details. Scene ID’s can be found in Supplemental Material, Table S3: Scene ID.
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	Incident Name
	Year
	Fire Start
	Fire End
	Pre-Image
	Post-Image
	Location
	Size (ha)





	Apple
	2020
	Jul 31
	Nov 16
	Jul 27
	Aug 08
	Cherry Valley, CA
	13,526



	Blue River
	2020
	Jun 05
	Jun 18
	May 29
	Jun 08
	15 mi NE of San Carlos, AZ
	11,352



	Bobcat
	2020
	Sep 06
	Oct 19
	Aug 01
	Sep 20
	Azusa, CA
	46,861



	Mammoth
	2021
	Jun 05
	Jun 20
	Jun 01
	Jun 11
	Mammoth Creek, UT
	287



	Mescal
	2021
	Jun 01
	Jun 18
	Jun 03
	Jun 13
	Globe, AZ
	29,239



	Willow
	2021
	Jun 17
	Jul 11
	Jun 13
	Jun 23
	Arroyo Seco, CA
	1164



	Telegraph
	2021
	Jun 04
	Jul 08
	Jun 03
	Jun 13
	Superior, AZ
	73,150










 





Table 2. Model testing results with different data scenarios: binary, multiclass, post-application, and pre- and post-application difference images (* denotes the best model).
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	Model
	Classification
	Imagery
	Train Overall Accuracy
	Test Overall Accuracy
	Test Retardant Precision
	Test Retardant Recall
	Test Retardant F1 Score





	RF
	Single-class
	Difference
	0.928
	0.949
	0.998
	0.544
	0.705



	RF
	Single-class
	Post-application
	0.935
	0.916
	0.996
	0.253
	0.404



	RF
	Multiclass
	Difference
	0.809
	0.873
	0.997
	0.589
	0.74



	RF
	Multiclass
	Post-application
	0.815
	0.822
	0.997
	0.245
	0.393



	SVM
	Single-class
	Difference
	0.933
	0.938
	0.978
	0.46
	0.626



	SVM
	Single-class
	Post-application
	0.945
	0.898
	0.993
	0.091
	0.167



	SVM
	Multiclass
	Difference
	0.812
	0.912
	0.99
	0.549
	0.706



	SVM
	Multiclass
	Post-application
	0.837
	0.813
	0.992
	0.091
	0.167



	GB
	Single-class
	Difference
	0.936
	0.947
	0.999
	0.531
	0.693



	GB
	Single-class
	Post-application
	0.942
	0.893
	0.998
	0.051
	0.097



	GB
	Multiclass
	Difference
	0.814
	0.881
	0.999
	0.615
	* 0.761



	GB
	Multiclass
	Post-application
	0.825
	0.8
	0.998
	0.052
	0.1










 





Table 3. Individual class accuracy metrics of the best model (GB, Multiclass, Difference) on the test data set.
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	Class
	Precision
	Recall
	F1 Score





	Retardant
	0.999
	0.615
	0.761



	Burned
	0.803
	0.999
	0.890



	Unburned
	0.920
	0.997
	0.957



	Cloud post-application
	0.883
	0.875
	0.879



	Cloud pre-application
	0.714
	0.583
	0.642



	Shadow post-application
	0.605
	0.330
	0.427



	Shadow pre-application
	0.960
	0.855
	0.904
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