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Resource A​ Post-Classification Change Detection 

SuperDove (PSB.SD), the newest sensor that has been active since mid-March 2020, was 
acquired when available. During periods in 2020 when the PSB.SD sensor imagery was not 
available for the study area, the Dove-R (PS2.SD) sensor was acquired, which has similar 
radiometric sensitivity to the PSB.SD sensor. Imagery from both sensors was harmonized to 
match Sentinel-2 satellite imagery’s spectral response, which minimizes variance in time series 
and from ambient conditions (Planet Team 2023). The imagery was selected with < 5% cloud 
cover to minimize atmospheric distortions, and the imagery was collected closest to the summer 
solstice to minimize geometric distortions, except for the imagery collected in October 2020 to 
capture the first-order fire effects (Table A1). 

Table A1 PlanetScope imagery dates collected for each fire annually. For post-fire years other than 2020, 
imagery was collected as close to the summer solstice with less than 5% cloud cover. For instances with 
multiple image dates, a mosaic was created using the average value of overlapping pixels. 
Year Riverside Beachie Creek Lionshead Holiday Farm Archie Creek 
2020 October 25 October 25 November 2 October 25 October 25 
2021 June 17 June 17 June 18 June 17 June 19 
2022 June 21, 26, & 27 June 21 July 14 June 25 June 25 
2023 July 1 June 30 June 30 June 30 July 1 
 

From the initial set of predictors that were sampled (Table A.2), multicollinearity was 
reduced based on the variance inflation factor (VIF) with a cutoff of 10, and a final set of 
predictors was selected for training which included near-infrared, NDVI, GNDVI, brightness, 
standard deviation in brightness, and RdNBR. The fire name was also included as a categorical 
predictor. Several models were compared for performance, including a decision tree from the 
parsnip package (Kuhn et al. 2024), a random forest from the randomForest package (Liaw and 
Wiener 2002), and a boosted regression tree (BRT) from the gbm package (Ridgeway et al. 
2024). Each model was trained using 1,000 epochs (i.e., training iterations). Over-sampling of 
the minority class was performed using the ROSE package in R (Lunardon et al. 2014) to create 
a balanced training set, which was performed rather than under-sampling due to the already low 
number of training observations.  

Table A.2 List of all remote-sensing indices tested in the forest classification methodology.  

Index Definition Reason for inclusion 
*Brightness Mean of red, green, and blue 

bands. 
To create a composite of the visual 
wavelengths (red, green, and blue) 
that measures surface brightness. 

False-color brightness (FCB) Mean of red, blue, and 
near-infrared bands. 

To create a composite of wavelengths 
that emphasizes seasonal differences 
in vegetation (Key & Benson 2005). 



*Normalized difference 
vegetation index (NDVI) 

Normalized difference in red and 
near-infrared bands. 

Vegetation presence and health.  

*Green normalized difference 
vegetation index (GNDVI) 

Normalized difference in 
near-infrared and green bands. 

An alternative to the NDVI for 
improving sensitivity to vegetation 
health in dense vegetation with a high 
leaf-area index (Jones & Vaugha 
2010). 

Red-green vegetation index 
(RGVI) 

Normalized difference in red and 
green bands. 

An alternative for vegetation health 
that is insensitive to differences in 
illumination (Rodman et al. 2019). 

Local minima (LM) Metric to identify pixels that are 
darker than their surroundings at 
multiple spatial scales (Rodman et 
al. 2019). 

Local minima is said to help classify 
individual trees on ridge tops, 
south-facing slopes, and in grasslands 
(Rodman et al. 2019). 

*Sum of standard deviation in 
brightness (SSDB) 

Summing the standard deviation 
in brightness for multiple window 
sizes (Rodman et al. 2019). 

Distinguish between dark forests 
from homogenous areas including 
water bodies and shadows (Rodman 
et al. 2019) 

Segment mean shift (SMS) Unsupervised machine learning 
algorithm that clusters continuous 
raster data into groups based on 
similar spectral and spatial 
characteristics (ESRI 2023). A 
minimum segment size was set to 
the size of 1 pixel to allow for 
individual trees to be categorized 
separately from a patch of trees. 

Separating various features in an 
image including forest, individual 
tree, ground, water, and roads 
(Blaschke 2010; Rodman et al. 2019). 

*Index used as a final predictor in the forest classification model 

Forest classification model performance was evaluated using the Area Under the 
Receiver Operating Characteristic Curve (hereby referenced as AUC). A 10-fold cross-validation 
procedure was executed for each model to assess the performance of the binary classifier based 
on the producer’s accuracy, the user’s accuracy, and the overall accuracy. Of the three models 
tested, the BRT model had the highest mean AUC score overall and was used to predict forest 
cover across the wildfire perimeters and 1-km buffer (Table A.3).  

Table A.3 Summary statistics for forest classification AUC scores using 10-fold cross-validation. 

 
Producer’s Accuracy User’s Accuracy Overall 

Accuracy Forest Non-Forest Forest Non-Forest 

Mean 0.98 0.85 0.97 0.90 0.96 
Min 0.96 0.82 0.96 0.82 0.94 
Max 0.99 0.88 0.96 0.93 0.97 

Several filtering methods were applied following forest classification. First, shadows 
were considered to result in classification errors and were most prevalent in the October 2020 



imagery due to a low solar altitude angle. Shadows were identified annually based on a 
brightness threshold of 100. If a shadowed pixel was classified as non-forest but then classified 
as forest the subsequent year, the pixel was classified as forest in the original year. Otherwise, 
shadowed pixels were classified as non-forest. Second, a data mask (Table A.4) was created to 
remove problematic pixels that included (a) PS UDM2 masks that identify clouds and other 
atmospheric interference (Planet Team 2023), (b) water features (i.e., lakes, reservoirs, and 
rivers) from the USGS National Hydrography Dataset (U.S. Geological Survey 2018), (c) 
post-fire harvests digitized by (Zuspan et al. 2024) along with additional manually digitized 
salvage areas for logging and/or hazardous tree removal, (d) locations that were previously 
burned since 1984 according to the MTBS dataset (Eidenshink et al. 2007), and (e) any areas 
outside of the western Cascades ecoregion. Third, a minimum mapping unit was defined as 9 m2 
to represent the capability of the 3-meter PS imagery to detect an individual tree. To conform to 
this minimum mapping unit and reduce the presence of misclassified pixels, a focal majority 
filter with a 3x3 moving window was applied to the forest cover rasters. The majority filter also 
acts as a smoothing method. Lastly, if a pixel was classified as non-forest it could not be 
classified as forest the subsequent year(s). 

Table A.4 Summary statistics of area removed (ha) from analysis by fire along with percentage of total 
fire area with 1-kilometer boundary in parentheses. Since the areas removed by each mask can overlap, 
the total area removed may not be a sum of its parts. 

Fire Water Salvage 
Logging 

Reburn Shadow* Western 
Cascades*
* 

Total 

Riverside 393 (0.5%) 4,284 
(5.9%) 

2,361 
(3.2%) 

17,438 
(23.9%) 

8 
(<0.001%) 

22,694 
(31.1%) 

Beachie Creek 1,454 
(1.4%) 

5,634 
(5.4%) 

0 (0%) 16,198 
(15.6%) 

4,775 
(4.6%) 

26,723 
(25.8%) 

Lionshead 902 (1.1%) 776 (0.7%) 17,966 
(21.2%) 

14,778 
(17.4%) 

0 (0%)*** 32,300 
(38.1%) 

Holiday Farm 801 (0.9%) 8,957 
(9.7%) 

352 (0.4%) 14,628 
(15.9%) 

326 (0.4%) 23,759 
(25.8%) 

Archie Creek 291 (0.4%) 6,854 
(10.1%) 

6,909 
(10.1%) 

13,194 
(19.4%) 

3,951 
(5.8%) 

27,912 
(41.0%) 

*Locations with shadows were not always removed based on the methodology outlined in the text. 
**Western Cascades encompasses western cascades valley and lowlands, western cascades montane 
highlands, and the cascade crest montane forests. 
***The Lionshead fire extends into the east Cascades ecoregion, however, this area is not included in the 
analysis. 

 



 

Resource B​ Forest Classification and Mapping of Delayed Mortality 

Table B.5 The proportion of forested area lost due to delayed mortality from October 2020 through June 
2023 by fire and immediate burn severity as of October 2020. In parenthesis, the extent (hectares) by 
conditions is shown. 
Fire Low Moderate High 
Riverside 0.64 (2,681 ha) 0.29 (1,199 ha) 0.07 (278 ha) 
Beachie Creek 0.51 (2,914 ha) 0.39 (2,232 ha) 0.10 (602 ha) 
Lionshead 0.66 (4,850 ha) 0.27 (2,002 ha) 0.06 (451 ha) 
Holiday Farm 0.53 (1,994 ha) 0.38 (1,437 ha) 0.10 (361 ha) 
Archie Creek 0.58 (1,992 ha) 0.34 (1,162 ha) 0.08 (264 ha) 
 

Table B.6 Summary statistics for the absolute percent change in area from October 2020 through June 
2023 for patch area and core area by immediate burn severity as of October 2020. 
Immediate burn severity 
(October 2020) 

% change in patch area 
(June 2023) 

% change in core area (if applicable) 
(June 2023) 

Low 13.2% 24.9% 
Moderate 54.5% NA 
High 77.2% NA 
 

Table B.7 Percent change in Euclidean distance to fire refugia from post-fire in October 2020 to 3 years 
post-fire. The range of percent change is across all individual fires. Positive changes represent increased 
isolation. 

Distance (m) Year Area (ha) % Change (range by fire) 

0 – 200 2020 136,251 -27.1% (-57.6% – 28.1%) 
  2023 99,306   

200 – 400 2020 39,558 16.2% (-22.9% – 41.8%) 
  2023 45,982   

>400 2020 37,958 80.4% (24.7% – 313.4%) 
  2023 68,480   

 

Table B.8 Percent change in D2WD to fire refugia from post-fire in October 2020 to 3 years post-fire. 
The range of percent change is across all individual fires. Negative changes represent increased isolation 
and a reduction in seed source availability. 

D2WD class Year Area (ha) % Change (range by fire) 

0 – 0.082 2020 158,212 14.4% (10.1% – 90.8%) 



2023 181,070 
0.082 – 0.271 2020 47,327 -36.5% (-53.9% – -25.3%) 

2023 30,030 
0.271 – 1 2020 8,229 -67.6% (-94.5% – -61.1%) 

2023 2,667 
 

 

Resource C​ Characterizing the Influence of Tree Species and Structure on Fire 
Resistance 

Post-fire tree mortality is influenced by both species-level functional traits and structural 
attributes that vary with tree size. To explore whether remotely sensed immediate and/or delayed 
post-fire tree mortality outcomes were associated with these factors, we developed quantitative 
and regionally specific fire resistance classifications, for each major species in our study area 
(Table 1), using regional Forest Inventory and Analysis (FIA) data and the First Order Fire 
Effects Model (FOFEM; Lutes 2020). The FIA program is a statistically representative and 
spatially balanced sample of all forest land in the continental United States, that includes tree- 
and stand- (plot) level observations. The FOFEM software includes species-level, regionally 
specific logistic regression models that can be used to predict the probability of post-fire tree 
mortality based on a user-supplied surface flame length and tree-level structural attributes (i.e., 
diameter, height, and live crown ratio; crown scorch model [CRNSCH]). 

First, in R, we subset FIA data from the Oregon FIA Database (Burrill et al. 2021) at the plot 
level to retain only forested, single-condition plots with an estimated stand age greater than 10, 
within the western Cascades ecoregion, that were measured during the most recent completed 
inventory panel 2010-2019 (EVALID 411901). Next, each sampled tree record was classified 
into one of three diameter age class groups, based on recorded diameter at breast height (DBH), 
that represent structurally distinct stages of forest development: young (2.5 – 25.4cm; ~10-60 
years), mature (25.5 – 50.8cm; ~60-120 years), or supermature (> 50.8cm; ~>120 years). Next, 
we summarized mean tree diameter, height, and live crown ratio attributes across plots at the 
species and diameter age class levels, weighting means by each tree’s representative abundance 
in the sampling design (trees per acre; TREE.TPA_UNADJ). Mean tree attributes by species and 
stand age class summarized in the previous step were then used as inputs to the FOFEM software 
to derive predicted post-fire tree mortality probabilities using species- and region- (Pacific West) 
specific crown scorch models and an assumed 1.8-meter surface flame length (Jain et al. 2020). 
For each intersection of species and diameter age class, we classified each group as having 
sensitive (low), tolerant (moderate), or resistant (high) fire resistance depending on whether the 
FOFEM predicted tree mortality probability was > 0.75, 0.25-0.75, or < 0.25, respectively (Table 
C.9). 



Finally, to relate our FIA- and FOFEM-derived species and diameter age class fire resistance 
identity to each 3-meter PlanetScope pixel on the landscape, each 3-meter pixel was assigned a 
stand age class and forest type (i.e., dominant species) based on its spatial intersection with 
Lemma GNN layers a) Quadratic mean diameter of all dominant and codominant trees 
(QMD_DOM; converted from centimeters to inches) and forest type (FORTYPBA). 

Table C.9 Attributes used in the FOFEM classification of fire resistance based species and diameter at 
breast height (DBH). 

Species Diameter 
class DBH Height Crown ratio Probability of 

mortality 
Sensitivity 

class 

Douglas-fir 1TO10 4.31 31.54 49.58 0.98 Sensitive 

Douglas-fir 10TO20 14.06 88.45 41.00 0.12 Resistant 

Douglas-fir >20 30.01 144.76 39.96 0.12 Resistant 

Engelmann spruce 1TO10 3.91 19.51 48.67 0.99 Sensitive 

Engelmann spruce 10TO20 14.78 74.30 53.50 0.85 Sensitive 

Engelmann spruce >20 27.18 129.11 63.65 0.52 Tolerant 

lodgepole pine 1TO10 3.33 21.50 45.56 1 Sensitive 

lodgepole pine 10TO20 12.08 70.53 38.33 0.24 Resistant 

mountain hemlock 1TO10 3.99 19.51 55.76 1 Sensitive 

mountain hemlock 10TO20 13.74 66.74 51.82 0.68 Tolerant 

mountain hemlock >20 24.53 100.49 48.49 0.12 Resistant 

noble fir 1TO10 4.33 23.54 57.24 1 Sensitive 

noble fir 10TO20 13.99 76.38 45.05 0.27 Tolerant 

noble fir >20 28.24 128.30 35.47 0.08 Resistant 

Pacific silver fir 1TO10 3.50 18.61 43.71 1 Sensitive 

Pacific silver fir 10TO20 13.49 74.52 44.87 0.99 Sensitive 

Pacific silver fir >20 24.81 115.27 48.14 0.16 Resistant 

subalpine fir 1TO10 2.96 14.07 49.00 1 Sensitive 

subalpine fir 10TO20 12.68 52.03 53.95 0.99 Sensitive 

subalpine fir >20 23.72 89.40 52.40 0.16 Resistant 

western hemlock 1TO10 3.61 23.49 45.12 1 Sensitive 

western hemlock 10TO20 13.77 82.98 49.38 0.33 Tolerant 

western hemlock >20 26.54 128.25 52.22 0.1 Resistant 



western red cedar 1TO10 3.48 21.60 44.25 1 Sensitive 

western red cedar 10TO20 13.93 72.01 47.85 0.49 Tolerant 

western red cedar >20 28.39 118.12 48.37 0.12 Resistant 

white/grand fir 1TO10 3.43 21.42 48.07 1 Sensitive 

white/grand fir 10TO20 13.94 81.15 46.00 0.16 Resistant 

white/grand fir >20 25.90 125.04 48.00 0.16 Resistant 
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