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Where and when are high severity fires more Iikely to occur?
LANDFIRE Webinar | December 9, 2020
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USDA Forest Service, Rocky Mountain Research Station, Fire Modeling Institute
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HiPapi FIRESEV - Modeling and mapping fire severi
Morgan, Donovan S. Birch, William M. ol g pping ty

Principal Investigator(s):

A fire severity mapping system for real time fire management application and long-term planning. Keane, Robert
FIRESEV (FIRE SEVerity Mapping Tools) is a comprehensive set of tools and protocols to deliver, create, and Contact(s):
evaluate fire severity maps for all phases of fire management. It can be used to create real-time fire severity Keane, Robert (Bob)
maps on its own or along with current satellite imagery products to enhance data analysis of fire effects. The Research Staff:

set of tools and protocels for FIRESEV includes: 1) a Severe Fire Potential Map based on statistical modeling
with satellite-derived cbservations of severity from past fires, 2) a mapping algerithm that integrates simulation
modeling into the Wildland Fire Assessment Tool, 3) research papers, and 4) other helpful information to
improve descriptions, interpretations, and mapping of fire severity.

Dillon, Greg
Sikkink, Pamela
Karau, Eva

Flanary, Sarah

https://www.firelab.org/project/firesev-modeling-and-mapping-fire-severity

8 The Fire Severity Mapping System project (FIRESEV) is geared toward providing fire managers across the western United States critical information about the potential ecological effects of wildland
B fire at multiple levels of thematic, spatial, and temporal detail. A major component of FIRESEY is a comprehensive map of the western U.S. depicting the potential for fires to burn with high severity
if they should occur. Developed as a 30m-resolution raster dataset, the map is intended to be an online resource that managers can download and use to evaluate the potential ecological effects

| associated with new and potential fire events. See the FIRESEV documentation page for more information and publications about the FIRESEV Severe Fire Potential map.

While the full extent of the FIRESEV Severe Fire Potential map covers all lands in the western United States, statistical modeling and mapping work was conducted separately for forested and non-
%] forested settings in each of the 17 mapping regions shown below.

https://www.frames.gov/firesev/home

Forest y Mountain General Technical Report August
Service Research Station RMRS-GTR-415


https://www.frames.gov/firesev/home
https://www.firelab.org/project/firesev-modeling-and-mapping-fire-severity
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Burn severity... high severity... severe fire
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Burn severity... high severity... severe fire

‘Indian Fire, California;
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Why focus on high severity?

Northern

Geophysical Research Letters WesternUS e

Research Letter () Free Access

Warmer and Drier Fire Seasons Contribute to Increases in Area
Burned at High Severity in Western US Forests From 1985 to 2017

VPD z-score

Area burned (ha)
10'10210°10%10%10°
VPD z-score

S. A, Parks %, |. T. Abatzoglou

0
VPD z-score

'\;;J\\ =
"Southwes

Califorria /
Coast {

N Correlation (Pearson’s r) between AAB, . and AAB and the three
climate variables (p < 0.01 for all relationships; Table S3). Arrows
indicate that the climate variable has experienced a statistically
significant increase from 1985-2017 (Table S5).

VPD z-score
/\//jf
/’ 4

-1

Area burned (ha)
10" 10210°10* 10°

2

California Coast

0
VPD z-score

-1

AAB}s AAB
Ecoregion VPDpax Tmax CWD [VPDpayx Tmax CWD
California Coast 0671 058 069 | 0.70 062 0.69
Western Mountains [0.74 0.701 0.71 | 073 0.67 0.70
== AAB,;  —— Sensslope (AABy)  Northern Mountains [0.90 " 0.891 0.88 | 089 090 0.86
== AAB —— Sens slope (AAB) Southwest 059 040 0.641| 055 041 0.56
____VPD Western US 0831 0791 074 | 0.80 0.73 0.69

Area burned (ha)
10" 10% 10° 10* 10°

i2

1985
1990
1995
2000
2005
2010
2015

max 2-SCOre




Why focus on high severity?

GeOPhYSiCCll Research Letters LElTTER-{}PEN ACCESS | o |
Fire-catalyzed vegetation shifts in ponderosa pine and

Douglas-fir forests of the western United States

Research Letter | & Free Access

Warmer and Drier Fire Seasons Contribute to Increases in Area 2 ”
Burned at High Severity in Western US Forests From 1985 to 2017 Kimberley T Davis' €2, Philip E Higuera' {2, Solomon Z Dobrowski®, Sean A Parks® (2,
John T Abatzoglou* {8}, Monica T Rother’ and Thomas T Veblen®

% i i 3 A Published 13 October 2020 - © 2020 The Author{s). Published by IOP Publishing Ltd
w}'ldflre_ Dr]'ven FOIESt CDHVEISIOH m WEStern Environmental Besearch Letters, Volume 15, Number 10

North American Landscapes @ |
Jonathan D Coop, Sean A Parks, Camille S Stevens-Rumann, Shelley D Crausbay, Size Isn’t the B eSt Way tO

Philip E Higuera, Matthew D Hurteau, Alan Tepley, Ellen Whitman, Timothy Assal,
Brandon M Collins, Kimberley T Davis, Solomon Dobrowski, Donald A Falk, / I \ 1I Ab t I \eo
Paula J Fornwalt, Peter Z Fulé, Brian J Harvey, Van R Kane, Caitlin E Littlefield, a Ou lres

Ellis Q Margolis, Malcolm North, Marc-Andre Parisien, Susan Prichard, Kyle C Rodman

S. A Parks &, . T. Abatzoglou

by Crystal Kolden

October 22, 2020

BioScience, Volume 70, Issue 8, August 2020, Pages 659-673,
https://doi.org,/10.1093/biosci/biaal6l
Published: 01 July 2020

TN NATURE

SCIENCE

4 Million Acres Have Burned In California.
Why That's The Wrong Number To Focus
On

October 7, 2020 - 406 PM ET m

Heard on All Things Considered




Objectives

1.Develop a comprehensive map of the potential for high
burn severity for all areas in the contiguous United
States using empirical observations and statistical
modeling

2.Evaluate the quality of the map to provide managers
with guidance on its interpretation and use

3.Contribute to our understanding of what factors drive
the occurrence and patterns of high burn severity




Study Areas

Regional Fire Selection
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Study Areas

Forest and Nonforest

Current Conditions

 LANDFIRE Existing
Vegetation Cover (EVC)

Prefire

e LANDFIRE Environmental
Site Potential (ESP)

 Landsat Time Series
Stacks — Vegetation

Change Tracker @

e LANDFIRE EVC v 43 | Nonforest
s Kilometers - Fores.t )
0 250 500 1,000 [_1Mapping Regions

Miles
_ 0 250 500 1,000 i




Methods

Geographic and Ecological Divisions

Study Areas (West and East) —» Mapping Regions (1 — 25) ——» Forest and Nonforest Settings (50 possible models)
Raster Data Organization
1 degree x 1 degree tiles (539 in West, 471 in East, 1,010 total)

Phase 1

Acquire and Process
Data for Modeling

Raster
spatial data “stack”
of predictor and
response variables
for burned areas

Statistical models
that predict the
binary severity given
a set of topographic,
vegetation, and fuel
moisture conditions

Phase 2

Devel

Database of pixel
samples with values

for predictor and
response variables

op Statistical
Models Raster spatial

data “stack” of
predictor variables
for all areas

Phase 3
Map Severe Fire
Potential

Phase 4
Assess the Accuracy of
the Map

Jjo-9
110-19
=20-29
E30-39
B 40-49
50 -
M50 -
I 70-
M 20 -
%0 -

28388

§ Recommendations
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MTBS

MONITORING TRENDS IN BURN SEVERITY (MTBS) 1S A MULTIAGENCY PROGRAM DESIGNED TO CONSISTENTLY MAP THE

ALL LANDS OF THE UNITED STATES FROM 1984 AND. BEYOND,,

Methods

e L I LEARN MORE ‘
Acquire and Process T W

Data for Modeling

RANBR Burn Severity
P unchanged
[ Jrow
[ | Moderate

Raster \
spatial data “stack”

of predictor and
response variables
for burned areas

Kilometers S S ——
0 05 1 2

Miles m——
0 0.5 1 2




Methods P TBS

MONITORING TRENDS IN BURN SEVERITY (MTBS) 18 AMULTIAGENCY PROGRAM DESIGNED TO CONSISTENTLY MAP THE BURN SEVERITY AND PERIMETERS OF FIRES ACROSS

ALL LANDS OF THE UNITED STATES FROM 1984 AND BEYOND,,

Phase 1
Acquire and Process
Data for Modeling

Satellite-derived
severity metrics

e West — RANBR

e East—dNBR and
prefire NBR

Raster \
spatial data “stack”

of predictor and
response variables
for burned areas

> 12,000 fires

> 3600 field plots

G\ 5,295 East Fires
7N\ (2000-2013)

6,663 West Fires

N (1984-2007)

WA E .

N A FIRESEV CBI Plots = .»-

5 o - © Other CBI Plots

I B Allomelers .

0 250 500 1,000 _ B VITBS Fires

I Ml'eS

0 250 500 1,000

Firesev CBI plots: https: i. 10.2737/RDS-2013-0017 | Compiled CBI plots for CONUS: https:



https://doi.org/10.2737/RDS-2013-0017
https://gcc02.safelinks.protection.outlook.com/?url=https%3A%2F%2Fdoi.org%2F10.5066%2FP91BH1BZ&data=02%7C01%7C%7Ce798dd86f69b44a6abc508d860ca69a0%7Ced5b36e701ee4ebc867ee03cfa0d4697%7C0%7C0%7C637365769754018742&sdata=kicx2rXXAwFxdXilt5eCm1wLvugZWlaX8K2uhw8g6fM%3D&reserved=0

RANER Forested

M ethOdS 8 Convert to binary severity
“ ; * West — High
Acquirlz:h::de :rocess ) & * Fast — H|gh + Moderate
Data for Modeling o

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 .
c 4NBR Forested Draw a 1% sample of burned pixels

[}
o
o - .
" * > 2 million sample points
g 8
[aF]
Raster \ g 2 :
spatial data “stack” e - v‘ ,
of predictor and Sl Lt T N ‘ -
response variables o 6 -l;;_,.;,,-j'f'-;;:f :
for burned areas 20 21 22 23 24 25 e (e T, R A1)
ke g Whily S
'l'r "'?T% 1_7 L " / ?
o NBR Forested R UG E. T % Q
- a4 ;
S neer
- N A YT
] . Oy b w
2@ G &
g L] ¢ N
= B
= =
(=1 6,663 West Fires
& N (1984-2007)
fn )
% % 4 FIRESEV CBIPlots .-
20 21 22 23 24 25 : © Other CBI Plots
. e Kl i( X
Region 0 250 500 oo I MTBS Fires
——— e— \iles
0 250 500 1,000

= High Mod = Low




I\/l h | Burn Severity Data Topographic Data Vegetation Data Fuel Moisture Data
West: RANBR! from MTBS?  CONUS: National West: pre-fire Landsat CONUS: Daily 4-km gridded
for 1984 to 2007 Elevation Dataset (NED) scenes from MTBS weather data for 1980 to

3 d(~30 2010 (West) and 1980 t
East: dNBR? or NBR* from Dia:‘t:a?iciz:ati(on !\chdel East: pre-fire MODIS? 2013 :Eaj:) Jais ©
Phase 1 MTBS for 2000 to 2013 B S NDVI images
Acquire and Process (DEM). Acquired in 2009
Data for Modeling CONUS: Field CBI® Data IWestiand 2014 A East]
Process )
| West: Calculate thresholds ~ West: Calculate potential =~ West: Calculate NDVI CONUS: Calculate sea-level
to classify severity from solar radiation with from 30m Landsat potential temperature and
statistical relationship SOLPETE® model scenes subsequently 1000-hour fuel
between RANBR and CBI. moisture for every grid cell,
East: Calculate thresholds East: Calculate relative East: Select pre-fire g?cr:|::Jtlﬁet?;\fg:tesistir_les.
Raster to classify severity from potential solar radiation 250m MODIS NDVI with o .
. i e : : . specific fuel moisture
spatial data “stack” statistical distribution of with ArcGIS Area Solar highest quality ile Fopeaineth
i MTBS thematic Radiation tool percentile for each fire In the
of predlctor‘and S study, within a 10-day
response variables Hassitications. window of each fire’s start
for burned areas CONUS: Calculate 11
SR date.
topographic indices from
NED DEM
Data . :
: West: 30m binary severity =~ West: 6 30m solar West: 30m pre-fire CONUS: Database of
Product raster for burned areas. radiation rasters for NDVI raster for burned minimum 1000-hour fuel
Classified to high severity all lands. areas. moisture percentiles at the
vs. other. time of each fire in the study.
East: 30m binary severity East: 1 30m solar radiation  East: 250m pre-fire
raster for burned areas. raster for all lands. NDVI raster for burned
Classified to high or areas.
moderate (“higher”) CONUS: Elevation and 11
severity vs. other. 30m topographic index
rasters for all lands.

s~ RANBR = Relative Differenced Normalized Burn Ratio, 2 MTBS = Monitoring Trends in Burn Severity, * dNBR = Differenced Normalized Burn Ratio, * NBR =

Mormalized Burn Ratio, * CBI = Compasite Burn Index,  SOLPET6 = Flint and Childs {1987) solar radiation model, ? MODIS = Moderate Resolution Imaging

Spectroradiometer, 8 NDVI = Normalized Differenced Vegetation Index




Methods

Phase 1
Acquire and Process

Data for Modeling
Raster ;

spatial data “stack” \

of predictor and
response variables
for burned areas

Database of pixel
samples with values
for predictor and
response variables

Response Variable
* Binary severity

Binary Severity

:j Less Severe .
B vore severe gt

WEST: More Severe = High Severity
EAST. More Severe = Moderate & High Severity

Predictor Variables

Topography
e 30m elevation

* 11 topographic
indices

* Solar radiation
Vegetation
 NDVI

Fuel Moisture

* 1000-hour fuel
moisture percentiles,
inverted




Methods

Phase 1
Acquire and Process
Data for Modeling

( r

Statistical models
that predict the
binary severity given
a set of topographic,
vegetation, and fuel
moisture conditions

Develop Statistical

@ Models
Raster

spatial data “stack” \

of predictor and
response variables
for burned areas

J

Database of pixel
samples with values
for predictor and
response variables

Classification and Regression by

Andy Lime and Mat thew Wiener

randomForest

Random Forest, implemented in R
1500 classification trees

Select optimal model with lowest
classification error

Outputs
* Model performance
* Variable importance
 RF model object for predictions

esa ECOSPHERE

Both topography and climate atfected forest and woodland
burn severity in two regions of the western US, 1984 to 2006

Grecory K. DILLDN,I’T ZAcHARY A. HoLpen,? PENELOPE MORGAN,® MicHAEL A. Crivmins,*
1

AND CHarLEs H. Luce®

Emiy K. HEYERDAHL,



https://doi.org/10.1890/ES11-00271.1

Methods

Statistical models
that predict the
binary severity given
a set of topographic,
vegetation, and fuel
moisture conditions

Raster spatial
data “stack” of
predictor variables
for all areas

Phase 3
Map Severe Fire

( Potential

X
\

Severe Fire Potential Map

Predictor Variables

Must be spatially
comprehensive

Represent the landscape
for which you want
predictions

Topography — static

Vegetation — used NDVI
from MODIS

 West-2011
e East-—2014

Fuel moisture — use
constant values at common
fire weather thresholds
(20", 90th, percentile)

Predictions

* Every 30m pixel classified
by each tree

e 1500 predictions of binary
severity

Example:
1,245 yes
255 no

o -10
-
I 21 -
3 -
[ I#1-
15 -
| et -
-
‘N ke
o

BEE382888

} 1,245 / 1,500 = 83%



Methods

Statistical models
that predict the
binary severity given
a set of topographic,
vegetation, and fuel
moisture conditions

Raster spatial
data “stack” of
predictor variables
for all areas

Phase 3
Map Severe Fire

( Potential

X
\

Severe Fire Potential Map

Predictor Variables

Must be spatially
comprehensive

Represent the landscape
for which you want
predictions

Topography — static

Vegetation — used NDVI
from MODIS

 West-2011
e East-—2014

Fuel moisture — use
constant values at common
fire weather thresholds
(20", 90th, percentile)

Predictions

* Every 30m pixel classified
by each tree

e 1500 predictions of binary
severity

Example:
840 yes

- GRO
660 no } 840 /1,500 = 56%

o -10
-
I 21 -
3 -
[ I#1-
15 -
| et -
-
‘N ke
o

BEE382888



Methods

Statistical models
that predict the
binary severity given
a set of topographic,
vegetation, and fuel
moisture conditions

Raster spatial
data “stack” of
predictor variables
for all areas

Phase 3
Map Severe Fire

( Potential

X
\

Severe Fire Potential Map

Predictor Variables

Must be spatially
comprehensive

Represent the landscape
for which you want
predictions

Topography — static

Vegetation — used NDVI
from MODIS

 West-2011
e East-—2014

Fuel moisture — use
constant values at common
fire weather thresholds
(20", 90th, percentile)

Predictions

* Every 30m pixel classified
by each tree

e 1500 predictions of binary
severity

Example:
330 yes

=299
1.170 no } 330/1,500 = 22%

o -10
-
I 21 -
3 -
[ I#1-
15 -
| et -
-
‘N ke
o

BEE382888



Methods

Geographic and Ecological Divisions

Study Areas (West and East) —» Mapping Regions (1 — 25) ——» Forest and Nonforest Settings (50 possible models)
Raster Data Organization
1 degree x 1 degree tiles (539 in West, 471 in East, 1,010 total)

Phase 1

Acquire and Process
Data for Modeling

Raster
spatial data “stack”
of predictor and
response variables
for burned areas

Statistical models
that predict the
binary severity given
a set of topographic,
vegetation, and fuel
moisture conditions

Phase 2

Devel

Database of pixel
samples with values

for predictor and
response variables

op Statistical
Models Raster spatial

data “stack” of
predictor variables
for all areas

Phase 3
Map Severe Fire
Potential

Phase 4
Assess the Accuracy of
the Map

Jjo-9
110-19
=20-29
E30-39
B 40-49
50 -
M50 -
I 70-
M 20 -
%0 -

28388
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Results

Forest
Number of predictors Random Forest model

Random Forest Model Performance i

Region MTBS Sample Full Optimal PCC® AUC=
. fires 2 points model model
 PCC = Percent Correctly Classified 1 47 73087 13 9 071 078
2 830 58,321 12 6 0.72 0.80
« AUC = Area Under receiver operating : e w1 o 0o o
characteristic Curve ; w w29 om o7
7 1,069 73253 13 4 0.72 0.80
8 1,611 39,566 14 7 0.71 0.79
9 1216 39750 14 6 073 0.80
10 789 41,282 13 6 0.77 0.85
1 817 65,235 13 9 075 0.83
_____ 12 592 37,024 13 9 0.72 0.79
13 690 54,970 12 9 0.72 0.79
14 348 12,872 13 9 073 0.80
15 860 100,000 12 8 0.66 0.72
16 467 8,368 12 5 0.74 0.82
17 305 2,779 13 9 0.83 0.91
18 609 17,162 13 5 0.84 0.91
19 482 12,479 13 4 077 0.84
20 77 8,941 13 5 0.75 0.82
’ ‘ 21 197 9.417 12 5 0.87 093
FIRESEV West Project 7 FIRESEV East Project 2 2,246 64,733 12 5 0.80 088
g009 - 2015 201852016 23 2038 66527 1 5 0.80 0.88
24 539 7,642 12 6 075 0.83
25 122 4



Results

Nonforest
Number of predictors Random Forest model
Random Forest Model Performance e
Sample Full Optimal PCC® AUC*e
. points model model

 PCC = Percent Correctly Classified i w7 27749 13 9 074 082
= 830 100,000 12 T 075 083

« AUC = Area Under receiver operating j jfgﬁ :gg-ggg :2 j g—;j g-jg

characteristic Curve 2 zig ;zzgg jé 2 gg g;f
7 1,069 100,000 14 9 074 082
8 1,611 100,000 14 i 0.69 0.76
9 1,216 100,000 13 9 0.74 0.82
10 789 34112 13 9 0.76 0.83
1 817 54,758 13 9 077 0.85
12 592 78,222 13 9 0.76 0.83
_____ 13 690 93,560 13 4 0.74 0.82
14 348 23,447 13 5 0.79 0.87
15 860 100,000 12 9 077 0.85
16 A67 27979 12 o 0.78 0.86
17 305 2,743 13 6 0.82 0.90
18 609 5,049 " 5 0.83 0.90
19 482 1,307 12 4 077 0.84
20 "7 13,543 13 i 0.84 0.91
21 197 1,652 " 6 0.85 0.93
FIRESEV West Project 7 FIRESEV East Project 22 2,246 64,733 i 2 0.80 0.88
2009 - 2013 2014 - 2016 23 2938 3,859 " 4 0.80 0.89

24 539 262 12 i 0.69 0.72
25 7 0 NA




Results

Severe Fire Potential
T T T
395 DD D AD D O
2 l\ Iq/'rbq,bt Ib 16 :\ /‘b '\Q
NI N

I m Kilometers

0 250 500

e e \iles
0 125 250 500

Nonburnable Lands

. Water

B Bare Ground
I Developed
[1Snow / Ice
_INonburnable Agriculture

(¢] 126 250 500
N S i
T E— K lometers
0 125250 500

Forest and Woodland Settings MNon-Forest Settings
Region GeoTiff ESRI Grid GeoTiff ESRI Grid
i sfp fwo0 ri.tifzip sfp fwd0 rl.zip sfp nfo0 ritifzip sfp nf90 ri.zip
2 sfp fwoo r2.tifzip sfp fwod r2.zip sfp nfo0 r2.tifzip sfp nfo0 r2.zip
! sfp fw90 r3tifzip sfp fw90 r3.zip sfp nf30 r3.tifzip sfp nf30 r3.zip
4 sfp fwso rdtifzip sfp fwdd rd.zip sfp nfa0 rd.tifzip sfp_nfo0 rd.zip
5 sfp fwoo r5tifzip sfp fwdd r5.zip sfp nfg0 r5tifzip sfp nf90 r5.zip
6 sfp fwo0 r6.tifzip sfp fwo0 r6.zip sfp nfo0 r6.tifzip sfp _nf90 ré.zip
7 sfp fwo0 r7.tif.zip sfp fwa0 r7.zip sfp nfo0 r7tifzip sfp nfo0 r7.zip
8 sfp fwo0 r8.tif.zip sfp fwo0 rB.zip sfp nfo0 r8.tifzip sfp nfo0 r8.zip
] sfp fwo0 ro.tifzip sfp fwd0 rO.zip sfp nfo0 ro.tifzip sfp nf90 ro.zip
10 sfp fwo0 riotifzip sfp fw90 ri0.zip sfp nfo0 riotifzip sfp nf90 ri0.zip
11 sfp fwo0 riltifzip sfp fw90 rll.zip sfp nfo0 riltifzip sfp nf90 ril.zip
12 sfp fwo0 r12.tifzip sfp fw90 r12.zip sfp nfo0 r12tifzip sfp nf90 r12.zip
# 4 13 sfp fwo0 ri3tifzip sfp fw90 ri3.zip sfp nf90 r13tifzip sfp nfo0 ri3.zip
14 sfp fwo0 ridtifzip sfp fw90 rid.zip sfp nfo0 ridtifzip sfp nfo0 rid.zip
15 sfp fw80 ristifzip sfp fwd0 ri5.zip sfp nfo0 riStifzip sfp nfo0 ri5zip
16 sfp fwo0 ri6.tifzip sfp fw90 ri6.zip sfp nfo0 ri6tifzip sfp nfo0 ri6.zip
17 sfp fwo0 ri7.tifzip sfp fw90 r17.zip sfp nfo0 ri7tifzip sfp nf90 ri7.zip
*80th percentile inverted 1000-hour fuel moisture

https:

www.frames.gov/firesev/home


https://www.frames.gov/firesev/home

esults

Severe Fire Potential

Forest and Woodland Settings Mon-Forest Settings

Region GeoTiff ESRI Grid GeoTiff ESRI Grid

18 sfp fwo0 rigtifzip sfp fw00 r18.zip sfp nfo0 ri8.tifzip sfp nfo0 ri8.zip
19 sfp fwo0 rigtifzip sfp fw90 r1%.zip sfp nfo0 ridtifzip sfp nf30 r19.7ip
20 sfp fwo0 r20tifzip sfp fwS0 r20.7ip sfp nfd0 r20.tifzip  sfp nfo0 r20.7ip
21 sfp fwo0 r21tifzip sfp fwo0 r21zip sfp nf30 r21tifzip sfp nf30 r21.7ip
22 sfp fwo0 r22.tifzip sfp fw00 r22.zip sfp nfo0 r22.4ifzip sfp nfl0 r22.7ip
23 sfp fwo0 r23tifzip sfp fw90 r23.zip sfp nfd0 r23.tifzip sfp nfo0 r23.7ip
24 sfp fwo0 ra4tifzip sfp fw90 r24.7ip sfp nfd0 r24tifzip sfp nfa0 r24.7ip
25 sfp fwo0 r25tifzip sfp fw90 r25.7ip sfp nfo0 r25tifzip  sfp nf30 25.zip

*80th percentile inverted 1000-hour fuel moisture

In addition, you can:

Nonburnable Lands
. \Vater * \iew a metadata file [pdf] for the Severe Fire Potential map.
B Bare Ground * Browse a graphic (JPG file or PDF file) of the Severe Fire Potential map at its full extent,

B Developed with forest and non-forest combined.
[ISnow / Ice

[_INonburnable Agriculture e it i e
7 Northeast Region generate the Severe Fire Potential map for forest and woodland settings or non-forest

settings.

+ View model performance results for the Random Forest statistical models used to

(wildfires rare)

e Kilometers
0 250 500

- e Viles
0 125 250 500

https://www.frames.gov/firesev/east



https://www.frames.gov/firesev/east

Results ’
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. . . 0 20 = ;037 60 80 1_60 6_ 20 = :43‘; 60 80 1_60
Distribution of SFP values
Mean =38.4 Mean = 36.4
* Mostly below 50
z g
e Values above 80 are rare : :
0 20 40 60 80 100 0 20 40 60 80 100
SFP Value SFP Value
C) East Forest SFP Values d) East Nonforest SFP Values
s | —ps— |
0 20 1 40 60 80 100 0 20 mZ) 8 60 80 100
Mean = 33.3 Mean =41
0 20 40 60 80 100 0 20 b 60 80 100
SFP Value SFP Value

West Nonforest SFP Values

West Forest SFP Values




Results
Patterns in SFP predictions — West

* Average SFP values are highest on cool slopes

Forest

FIRESEV East Project |
2014 - 2016

FIRESEV West Project
2009 -2013

SFP Map Value

SFP Map Value
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0 20 40 GO B0 100

0 20 40 60 80 100

SFF Map Yalue
0 20 40 B0 B0 100
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Forest Average
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Patterns in SFP predictions — West - EEEEEEEEEE’QEEE%Q 41
* Average SFP values are highest on cool slopes RREYEREE XXX K

o at Average = 38

* Influenced by Middle and Northern Rockies MRS IRERER T T
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g Warm Slopes Aversge = 39
e e R 39
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3 Cool Slopes Average = 45
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2009 - 2013 2014 - 2016



Forest Average

Results =

Patterns in SFP predictions — West EEEEEEBQEEEEEEEE B 41

1]

* Average SFP values are highest on cool slopes REREEE R R

* Influenced by Middle and Northern Rockies g T T T T T T
. e . * | e R L an E 38
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Results

Patterns in SFP predictions — West

Average SFP values are highest on cool slopes
Influenced by Middle and Northern Rockies
Exception: S Calif, Sierras, and Great Basin
SW and Southern Plains consistently lower

Forest

FIRESEV East Project |
2014 - 2016

FIRESEV West Project
2009 -2013

SFP Map Value SFP Map Value

20 40 60 80 100

SFP Map Value
0 20 40 GO B0 100
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0 20 40 B0 B0 100

20 40 60 80 100
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Forest Average

Patterns in SFP predictions — East lpmee R ElES | 32
N L === e N R N
* Average SFP values are highest on ridges 2 B _
* Great Lakes higher on all slopes and ridges S IR D S
e B S 31
5 I [T . ] ! | !
e T 1
e TEaoHe |
) —— Q — + — + —
R 29
R e — el
o | BHpn | EHEs 38
‘. s AT T B8 T T
FIRESEV West Project FIRESEV East Project | o ! ! ! '

2009 - 2013 2014 - 2016



Forest Average
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Results

Patterns in MTBS data

* Average percent high
severity in the west

* Forest: 33%
e Nonforest: 33%

* Average percent higher
severity in the east
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Results

SFP Map Validation
Evaluate the predictive ability of the map

 How often are our predictions “right”?

* Use a 10% subset of sample pixels withheld
for validation

e Only used fires between 85t and 95
percentile of 1000-hour fuel moisture index

* Reclassify SFP to binary, testing a range of
breakpoints (25— 75)

: [ e e T
i 0 i 10
EEAE - o F Rt TR ity e




Results

SFP Map Validation W o S i e

Evaluate the predictive ability of the map

 How often are our predictions “right”?

* Use a 10% subset of sample pixels withheld
for validation Vs ey o
* Only used fires between 85t and 95 Sl - o f
percentile of 1000-hour fuel moisture index |+ = . . 3% S O o

* Reclassify SFP to binary, testing a range of
breakpoints (25— 75)

0 25 5 10 N
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Results

SFP Map Validation
Evaluate the predictive ability of the map

 How often are our predictions “right”?

* Use a 10% subset of sample pixels withheld
for validation

e Only used fires between 85t and 95
percentile of 1000-hour fuel moisture index

* Reclassify SFP to binary, testing a range of
breakpoints (25— 75)

 Compare to binary severity from MTBS

0 25 4 10 ™
I iles

T i ometers k . [ other Severity
0 5 10 I High severity




Results

SFP Map Validation H.\.
Evaluate the predictive ability of the map O R A

 How often are our predictions “right”?

* Use a 10% subset of sample pixels withheld
for validation

e Only used fires between 85t and 95 = I8~ i ‘
percentile of 1000-hour fuel moisture index | e M7 od

* Reclassify SFP to binary, testing a range of
breakpoints (25— 75)

 Compare to binary severity from MTBS

] 25 5 10 e
e /il o vy
S ilometers k B e [Jo-s50 .
0 5 10 S A e A | 50-90] .




Results

Forest
S F P M a p Va I i d atiO n Results for best breakpoint
Region Fires Samples Best SFP AUC= PCC®
breakpoint
* Best SFP breakpoints mostly under 50 ! o R 0ot oot
3 277 6,052 40 0.54 0.51
 AUC values mostly under 0.7 . w3 3e0 50 08 050
5 a8 1,539 40 0.64 0.63
 PCC values mostly 50-70% 6 B 123 050 0.50
7 161 1,834 45 0.61 0.60
8 126 916 35 0.55 0.52
9 93 1,061 30 0.61 0.60
10 66 981 25 0.55 0.55
11 87 1,035 35 0.68 0.67
12 h4 625 25 054 0.46
----- 13 57 1,150 50 0.58 0.59
14 6 144 25 0.53 0.50
15 184 3,151 50 0.58 0.59
16 13 301 25 0.50 047
17 2 4 NA NA NA
18 105 279 55 0.74 0.86
19 127 328 35 0.62 0.66
20 83 197 35 0.50 0.62
21 36 401 40 0.71 0.75
5 ‘ 22 413 1,352 25 0.61 0.56
FIRESEV West Project .' FIRESEV East Project 23 490 1,549 35 0.64 0.63
2009 - 2013 2014 - 2016 24 47 83 50 0.63 0.64

25 0 0 NA NA NA
Average 124 1,297




Results

Nonforest
. . Results for best breakpoint
S F P IVI a p Va I I d at I O n Region Fires Samples Best SFP AUC*® PCC®
breakpoint

* Best SFP breakpoints mostly under 50 ; i axe % iy e
3 312 4 947 35 0.60 0.56

 AUC values mostly under 0.7 4 771 18,593 50 0.60 061
5 68 436 45 0.64 0.62

* PCCvalues mostly 50-70% ° e s 00 02
T 258 2,989 40 062 0.62

8 473 9,110 20 0.57 0.57

9 323 4,867 35 0.63 0.62

10 127 1,044 40 0.65 0.67

1 116 1,215 45 0.68 0.67

12 129 1,528 45 059 0.55

13 148 1,871 45 0.58 0.59

14 28 274 20 0.58 0.58

15 205 3,403 40 0.61 0.60

16 38 226 25 0.61 0.49

17 7 12 MNA MNA, MNA

18 45 161 45 0.52 0.44

19 13 23 MNA MA MNA

20 115 431 35 0.50 0.75

21 24 71 40 079 0.76

22 43 65 55 0.60 0.63

FIRESEV West Project /' FIRESEV East Project 23 3 149 25 072 0.70

2009 - 2013 2014 - 2016 24 4 5 NA NA MNA

25 0 0 MNA NA MNA

Average



Variable Importance — Forest

We St Variable

Results

10 11 12 13 14 15 16 17

18 19 20 21 22 23 24 25

Vegetation
1. Elevation (avg rank 1.6) NDVI
Fuel moisture
2. NDVI (avg rank 2.1) FM1000
Topography
DEM
SLOPE
RAD®
East GSPET*

HLI
1. Fuel moisture (avgrank 2.1)  piso

2. NDVI (avg rank 2.5) TP12000

HSP
3. Elevation (avg rank 3.0) DISS3
DISS27Y
ERR3
ERR15
ERRZT

3. Fuel moisture (avg rank 2.6)

1 1 3 3 1 3 3 3
3 2 1 1 2 1 2 2
4 4 7 9 .. 4 8
7 5 6 7 6 5
6 4 — 5 — — 4

T 1 1 1 4 1
4 4 3 2 &
8 9 &5 8 ..
6§ — — — — 5
...... f 9 &b
5 &5 5 &6 3 4
...... 8 ... ...
7 6 T T

3]
4 4 4 4 3 1
5 4 5 6
] 1
L 5 5 .. 2
3 2 3 2 3 4 4 3




Results

Variable Importance — Nonforest

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17|18 19 20 21 22 23 24 25
West i
1. NDVI (avgrank 1.2) NDVI 171 1 1 2 2 2 1 1 1 1 1 11 11 1|2 3 2 1 2 4 3
Fuel moisture
2. Elevation (avg rank 2.2) FM1000 2 3 3 5 3 3 3 4 3 2 3 3 3 3 2 3 3[1 1 1 2 1 1
3. Fuel moisture (avg rank 3.0) L
DEM 34 2 31 11 2 2 3 2 2 2 2 3 2 2|4 2 3 3 3 2 4
SLOPE 5 6 6 6 6 7 6 6 9 7 6 9 .. .8 8 _.|.. .. &5 _ . &
RAD? _ 2 7 4 5 6 5 5 5 4 4 6 . .. 7 4 5|3 4 4 4 3 2
East GSRAD* A — o
1. Fuel moisture (avg rank 1.2) AT S
GSPET* _ _ 5 2 — 4 4 3 4 5 5 4 — 5 — _ 4
2. NDVI (avg rank 2.4) HU - — - — — — — - -
_ TPISO - S
3. Elevation (avg rank 3.0) P00 7 5 4 7 4 5 7 7 & 6 7 5 4 4 4 6 6 . o
HSP el il — o — T
DISS3 . | e L — }
DISS27 8 .. 8 .. 7 89 8 8 9 7 .. .6 T | . . B . .. 1
ERR3 . . L. e .9 9 | ... . . .. .. .. 5
ERR15S _ _ _ _ _ _ _ |- _ 5 - __
. ERR27 7 9 .. 9 % 8 .. 7 9 B8 B .. .. 5 /B |5 B — §




Key Findings
1. Burn severity is a complex phenomenon. Evaluating it across different

ecosystems requires flexibility and adaptability. Data are noisy.

2. Availability of burn severity data is patchy... affects ability to model
everywhere.

3. Vegetation, topography, and site-specific fuel moisture affect severity.
a. Topographic variables may be surrogates for vegetation distribution
b. Fires can burn hotter where there is more fuel... especially in the West

c. Fuel moisture is most important in the East... severity is climate-limited




Key Findings

4. Independent validation is important with this type of modeling and mapping.
5. High burn severity occurs on a relatively small portion of burned area.

a. About 1/3 of burned area in the West, much less in the East

b. Proportion of high severity generally stable over time (Dillon et al. 2011)

c. Area burned with high severity is increasing (Parks and Abatzoglou 2020)
6. Data from our work has contributed to ongoing studies of severity

a. Next Generation Fire Severity Mapping — Sean Parks and others



https://www.frames.gov/NextGen-FireSeverity

Management Implications

1. Best use of SFP map is for long-term assessments and strategic planning.

2. The strength of the SFP map is in generalized patterns in potential severity,
rather than how a specific pixel is mapped.

3. The SFP index represents the likelihood of high severity (or moderate and high
in the East) but says nothing about the likelihood of low severity fire.

4. The SFP map could provide a starting point to inform where fuels treatments
could help to moderate severe fire potential, but it is not detailed enough to
guide specific placement of treatments.
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