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A	Fme	of	rapid	
ecosystem	
change	
• Climate	
•  Land-use	
•  Invasive	species	
• Disturbance,	
which	can	
expedite	
change	

1.	IdenFfy	a	subject	of	interest	



Key	Disturbance:	Fire	



Fire	Data	available	to	a	broader	non-
remote	sensing	community	

•  MODIS/VIIRS	AcFve	Fire	DetecFon	
•  Landsat		

– MTBS.	gov	(1984-	2	years	before	present)	over	the	USA	
–  Rasters	of	processed	“Level	3”-	like	data	products	of	
operaFonally	useful	fire	severity	metrics	



2.	Provide	the	new	data	in	a	familiar	
format	



a)#
Fire#severity#data#
Water#bodies#
King#Fire#
LiDAR#pre8fire#data#
AVIRIS#and#MASTER#pre8#
and#post8fire#and#LIDAR#
post8fire#data#

b)#Rim	Fire	
(2013)	

King	Fire	(2014)	

Serendipity	–	Pre-HyspIRI	
airborne	campaign	captured	two	
megafires	before,	during	and	afer		



Megafires	
•  Ofen	very	large	
•  Have	lasFng	ecological,	social,	and	economic	
impact	

•  Unique	climatology	and	behavior,	and	a	small	
sample	size	=	unpredictable	and	difficult	to	
manage	for	and	during	

Stavros	et	al.	(2014),	InternaFonal	Journal	of	Wildland	Fire	



Megafire	
occurrence	is	
increasing	

	
So,	there	is	
growing	

interest	from	
the	ecological	
and	poliFcal	
communiFes	

about	
understanding	
fires	like	Rim	&	

King	Fire	

Region IPCC 
scenario 

Likelihood of megafire for 
2031-2060 compared to 

1979-2010 
 Easter Great 
 Basin 

RCP 4.5 2.054 
RCP 8.5 2.47 

Northern 
California 

RCP 4.5 1.353 
RCP 8.5 1.381 

Northern 
 Rocky Mtns. 

RCP 4.5 1.531 
RCP 8.5 1.928 

Pacific 
 Northwest 

RCP 4.5 3.136 
RCP 8.5 4.401 

Rocky 
Mountains 

RCP 4.5 4.694 
RCP 8.5 4.769 

Southern 
 California 

RCP 4.5 1.499 
RCP 8.5 1.655 

 Southwest 
  

RCP 4.5 2.042 
RCP 8.5 2.024 

Western 
 Great Basin 

RCP 4.5 1.882 
RCP 8.5 1.951 

Stavros	et	al.		(2014),	ClimaFc	Change	



	

	
Stavros	EN,	Tane	Z,	Kane	VR,	Veraverbeke	S,	McGaughey	B,	Lutz	JA,	Ramirez	C,	McGaughey	
RJ	(in	review)	Unprecedented	remote	sensing	data	from	before	and	afer	California	King	and	
Rim	Megafires.	Nature	Scien.fic	Data.	



Documented	iniFal	data	processing	stream	
Data$Product$
Development$
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AVIRIS$Level$2$
surface$

reflectance$

MASTER$
Level$1b$
radiance$

LiDAR$
Point$Cloud$

Data$Processing$
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Georeferencing$

Flightline$Nomaliza1on$

Level$2I$Raster$
Mosaick$

Level$3I$ENVI$v5.0$
Metric$Calcula1ons$

MASTER$
Level$2$

emissivity$and$
land$surface$
temperature$

Atmospheric$Correc1on$

Topographic$Correc1on$

Georeferencing$

Layerstacking$

Level$2I$Raster$
Mosaick$

Level$3I$Metric$
Calcua1ons$
(Matlab)$

USFS$Data$Fusion$SoSware$(v3.0)$

Grid$Alignment$between$
acquisi1ons$

Level$2I$LiDAR$
return$summary$
sta1s1cs$=$$
Structural$Metrics$





dNBR	

Landsat 	 	 					 	 	 	MASTER 	 	 	 	 	 	AVIRIS	

NDVI	

Landsat 	 	 					 	 	 	MASTER 	 	 	 	 	 	AVIRIS	

NDVI	ClassificaFons	QualitaFve:	Visual	comparison	
for	Rim	Fire,	June	2014	of	

operaFonal	metrics	



 



1.	AVIRIS	gain:	Imaging	spectroscopy	(IS)	is	most	
advantageous	when	the	full	spectral	signature	is	used	

 Char Green Vegetation Substrate NPV 
 a b R2 RMSE a b R2 RMSE a b R2 RMSE a b R2 RMSE 
AVIRIS (All) 0.97 0.02 0.69 0.12 1.01 0 0.95 0.05 0.98 0.01 0.82 0.10 0.97 0.01 0.84 0.09 
OLI 0.77 0.05 0.46 0.16 1.00 0 0.88 0.08 0.77 0.03 0.49 0.18 0.79 0.07 0.40 0.15 
AVIRIS 
(multispectral) 

0.68 0.07 0.38 0.18 1.00 0 0.85 0.09 0.68 0.05 0.39 0.16 0.68 0.07 0.37 0.17 

!

 Burned'
fraction'

AVIRIS'
(all)' OLI' AVIRIS'

(multispectral)'
AVIRIS'(all)' ' <0.0001% <0.0001%

OLI' <0.0001% ' 0.0012%
AVIRIS'

(multispectral)' <0.0001% 0.0175% '

•  Spectral	unmixing	from	AVIRIS	is	singificantly	bener	than	
Landsat/OLI	

	
•  To	fully	benefit	from	the		
advantages	of	IS,	advanced		
analysis	techniques	are	required	

Veraverbeke	S,	Stavros	EN,	Hook	SJ	(2014)	Assessing	fire	severity	using	imaging	spectroscopy	data	from	the	Airborne	Visible/
Infrared	Imaging	Spectrometer	(AVIRIS)	and	comparison	with	mulFspectral	capabiliFes.	Remote	Sensing	of	Environment	154,	153–
163.	



2.	MASTER	gain:	InformaFon	gain	from	the	
high	spaFal	resoluFon,	mulF-band	thermal	

infrared	
Fire	radiaFve	power	is	a	proxy	for	fire	intensity	

Increasing*Informa.on*

A)* B)* C)*

High*heat*
*
Low*heat*

NIROPS	
proxy	

NIROPS	vs.	
MODIS	

MASTER	



3.	UFlizaFon	of	AVIRIS,	MASTER,	and	LiDAR	
data:	Fuel	model	development	



Fuel	Model	
•  A	classificaFon	that	represents	the	fuel	type,	
condiFon,	amount	and	structure	

•  Input	into	fire	behavior	models	used	in	real-Fme	
decision	making	

•  Have	associated	emission	factors	
•  LANDFIRE	is	the	current	industry	standard,	
updated	~2-10	years	
–  Landsat	
– Dynamic	vegetaFon	models	
–  Environmental	gradients	



Ques9on	
How	representaFve	are	LANDFIRE	fuel	models	
(derived	from	models)	of	actual	forest	structure	
and	composiFon?	
	
	

Hypothesis	
VegetaFon	type	(AVIRIS)	and	structure	(LiDAR)	
are	enough	to	derive	fuel	models	



Methods	
•  Map	inputs:	

–  LiDAR:	slope,	aspect,	elevaFon	+	L4-L7	structural	metrics		
–  AVIRIS:	dominant	vegetaFon	type	(wMESMA)	

•  Extrapolate	pre-King	Fire	LiDAR	to	full		
extent	using	post-fire	LiDAR	

•  Cluster	LiDAR	metrics	(excluding	L7),	using		
unsupervised	k-means,	10	iteraFons,		
13	classificaFons	

QuadraFc	regression	models		where	y	=	pre-fire	
LiDAR	and	x	=	post-fire	LiDAR	 R2	

L4:	standard	deviaFon	of	LiDAR	returns	above	2	m	 0.79	

L5:	height	of	95th	percenFle	of	LiDAR	returns	 0.86	
L6:	heightof	25th	percenFle	of	LiDAR	returns	 0.53	
L7:	percent	fracFonal	cover	for	returns	above	2m	 0.22	



Assign	unique	LiDAR	cluster	+	AVIRIS		dominant	vegetaFon	
type	to	the	13	Anderson	fuel	models	based	on	their	

descripFon	
FM4$ FM4$ FM6$

FM10$ FM9$ FM5$

FM9$ FM8$ FM1$

FM10$ FM10$ FM9$

FM10$ FM10$ FM9$

White$Fir$

Sierran$Mixed$Conifer$

Ponderosa$Pine$

Montane$Hardware$

Montane$Chaparral$

$1 $ $ $$$$$$$$2 $ $ $$$$$$$$$$$$3$

FM2$ FM2$ FM1$

FM2$ FM2$ FM1$

Annual$Grassland$

Barren$

Burnt$

FM8$ FM7$ FM2$

ClosedFCone$Pine$

FM9$ FM8$ FM1$

FM4$ FM4$ FM6$

Mixed$Chaparral$

$1 $ $ $$$$$$$$2 $ $ $$$$$$$$$$$$3$
LiDAR$Class$

H
eight$(m

)$

L4$=$Height$standard$deviaPon$above$2$m$
L5$=$Height$p95$for$all$returns$above$2$m$
L$6$=$Height$p25$for$all$returns$above$2$m$
L5$–$L6$=$Canopy$depth$from$p25$to$p95$

Montane Hardwood 



Fuel	Model	QualitaFve	Assessment	
Visual	Maps:	AVRISI-LIDAR	(2013)	vs.	LANDFIRE	(2012)	



Fire	Behavior	simulaFon	using	CAWFE	–	in	progress	
LANDFIRE	



Fuel	Model	QuanFtaFve	Assessment	
AVIRIS-LiDAR	vs.	LANDFIRE	classificaFon	using	Cohen’s	Kappa	show	

“slight”	agreement	



There	is	a	good	visual	
comparison	and	the	

quanFtaFve	assessment	shows	
slightly	similar	fuel	model	
classificaFon,	but	how	do	
AVIRIS-LiDAR	or	LANDFIRE	
represent	actual	forest	

structure	and	composiFon?

in	situ	Forest	Inventory	Assessment	
(FIA)	comparison	to	AVIRIS-LiDAR	
vs.	LANDFIRE	–	IN	PROGRESS	

Stay	tuned…	



Discussion/Conclusions	
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BACK-UP:	LIDAR	EXTRAPOLATION	



Rim	Fire	(moderate	severity)	

King	Fire	(high	severity)	

LiDAR	
•  Unless	the	fire	scorches,	forest	structure	does	not	change	
immediately	post-fire	

•  LiDAR	intensity	can	be	informaFve,	but	requires	normalizaFon	of	
many	parameters	



Use	Fire	severity	(AVIRIS	dNBR)	to	understand	
relaFonships	between	pre-	and	post-fire	structure	

(-0.25	–	0.1)	

(0.1	–	0.27)	

(0.27	–	0.66)	

(>0.66)	






