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Abstract
Remotely sensed infrared images are often used to assess wildland fire conditions. Separately, fire propagation models are in use to forecast
future conditions. In the Dynamic Data-Driven Application System (DDDAS) concept, the fire propagation model will react to the image data,
which should produce more accurate predictions of fire propagation. In this study we describe a series of image processing tools that can be used
to extract fire propagation parameters from multispectral infrared images so that the parameters can be used to drive a fire propagation model built
upon the DDDAS concept. The method is capable of automatically determining the fire perimeter, active fire line, and fire propagation direction.
A multi-band image gradient calculation, the Normalized Difference Vegetation Index, and the Normalized Difference Burn Ratio along with
several standard image processing techniques are used to identify and constrain the fire propagation parameters. These fire propagation parameters
can potentially be used within the DDDAS modeling framework for model update and adjustment.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction
Wildland fires all over the world have effects that can range
from the very destructive to beneficial. In either case it is
desirable to monitor the progress of wildland fires so their
affects can be assessed and controlled as needed. Two of the
technological tools that are used to help monitor the progress of
wildland fires are remote sensing and fire propagation
modeling. The remote sensing tools range from global satellite
sensors to airborne sensors. Satellite sensors such as Moderate
Resolution Imaging Spectrometer (MODIS) and Advanced
Very High Resolution Radiometer (AVHRR) are used for
remote monitoring of fire on a global scale and have even been
useful for operations in wilderness areas despite their large
ground spot size (Kaufman et al., 1998; Li et al., 2000; Rauste
et al., 1997). Finer resolution satellite sensors such as Bispectral
Infrared Detection (BIRD) have also provided high quality data
of active fires, but at the cost of repeat coverage (Wooster et al.,
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2003). However, for most fire monitoring situations, finer
resolution and geolocation and more frequent repeat coverage
are desirable (Zajkowski et al., 2003) and airborne remote
sensing has been used to meet these requirements for many
years in a variety of scenarios (Ambrosia et al., 2003; Li et al.,
2005; Radke et al., 2000; Zajkowski et al., 2003). Fire
propagation modeling tools have likewise been developed
over a number of years using a variety of semi-empirical and
physics-based approaches. The semi-empirical approaches are
represented by the work of Rothermel (1972) and the large body
of work based on his results (Andrews, 1986; Finney, 1998,
1994, 2002). The physics-based approach is represented by
computational fluid dynamics models or finite element
numerical models that calculate combustion reactions and rely
on equations of heat and radiation balance (Albini, 1981, 1985,
1986; Asensio & Ferragut, 2002; Butler et al., 2004). Data
inputs to all these models include weather conditions, terrain,
and fuel conditions that are provided prior to running the model.
Adjustments to the model run require modifying the data inputs
and rerunning the model. Further, the initial fire location is the
only information on the fire itself used by these modeling
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approaches. Therefore, if the model output does not match the
actual fire propagation the only recourse is to update the input
data parameters and rerun the model.
Recently, work has begun on a fire propagation modeling
framework based on the Dynamic Data-Driven Application
System (DDDAS) concept (Darema, 2004). In the DDDAS
concept, data for driving the model (either semi-empirical or
physics-based) can arrive from remote systems and can be
assimilated into the model to update and adjust it while it is
running. Further, within the DDDAS concept the model should
not only react to new data but that the output should also be
actively used to steer future data collections. In the DDDAS fire
propagation modeling framework proposed by Mandel et al.
(2005), images from airborne sensor will be one of the data
sources and the model will adjust to the new information on the
fire location provided by the images. The ultimate goal is to
provide a fire propagation forecast. In a procedure similar to that
used in weather forecasting, the fire propagation forecast uses
the uncertainty in the data and multiple instances of the model
running simultaneously and faster than real-time. Within this
modeling framework the airborne image data must be processed
into a format that can be used for automated model update and
adjustment.
Examples of image-derived parameters for model update and
adjustment include the burned area and the fire propagation
direction. The Normalized Difference Vegetation Index (NDVI)

has been well used for burned area mapping (Cahoon et al.,
1992; Kasischke & French, 1995; Kasischke et al., 1993; Li et
al., 1997) and the Normalized Difference Burn Ratio (NDBR)
has likewise been used for burn severity and active fire mapping
(Key & Benson, 2002). In this paper we use the NDVI and
NDBR spectral indices combined with image analysis tools to
calculate additional parameters from high resolution hyper-/
multi-spectral images of active fires that can be used to provide
the image-derived data for updating and adjusting the model
dynamic behavior. The approach is a non-parametric way of
determining the fire perimeter, the active fire line, and the fire
propagation direction. The fire perimeter is defined as the
outline of the area that was already burned when the image was
captured and the active fire line as the portion of the fire
perimeter that was actively burning at the time the image was
acquired. The fire propagation direction is defined as the normal
to the active fire line pointing toward the unburned fuel. These
are all parameters that can be used for model update and
adjustment. The block diagram of our technique is shown in
Fig. 1. For a given input image, the approach relies on three
initial image processing procedures, which are calculations of
the NDVI, NDBR, and the magnitude of the multi-band spatial
gradient. By applying suitable thresholds along with image
dilation to NDVI and NDBR, the contour of the active fire area
and fire perimeter are separately extracted. The estimated active
fire line is extracted by applying a Boolean AND to the NDVI

Fig. 1. The block diagram of the method for extracting the image-derived parameters useful for model updating.
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and the multi-band gradient magnitude images. The extracted
active fire line at this stage is in digital form with isolated pixels,
outliers and gaps making it difficult to draw normals to the
active fire line using an automated procedure. Hence, the active
fire line image is dilated and fitted using B-splines to facilitate
the drawing of normals. Fire spread modeling which is derived
from Huygens' principle assumes the contour of a propagating
fire front is elliptical (Andrews, 1986; Burgan & Rothermel,
1984; Finney, 1998; Richards, 1995). We use this assumption
and also assume that portions of the active fire line with rapid
varying curvature are regions of the fire line that are most
rapidly propagating. This assumption is consistent with the rate
of maximum spread by elliptical transformation (Richards,
1995). Thus, the parts of the active fire line with the highest
multi-band spatial gradient value are found and labeled as
dominant fire pixels. Normals to a second-degree polynomial fit
of the active fire line pixels near the dominant fire pixels are
calculated and the propagation direction is constrained using the
NDVI or NDBR images. The ultimate use of this procedure will
be to compare the fire perimeter, the active fire line, and the fire
propagation direction with the same parameters derived from
the fire propagation model and then update and adjust the model
as needed within the DDDAS framework (Mandel et al., 2005).
The remainder of this paper is organized as follows, Section
2 gives a brief overview of the essential image analysis tools
and Section 3 describes the proposed technique. Experimental
results and discussion are presented in Section 4 and
conclusions are drawn in Section 5.
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value drops and tends to be negative when the vegetation has
been burned. Similarly, the NDBR is also negative for burned
vegetation. These indices are used for classification of the active
fire area and burn scar and are effective means of validating the
direction of propagation of the fire fronts.
2.2. Multi-band edge detection
Edge detection routines exploit the contrast between fire
pixels and background by highlighting regions of rapid intensity
or radiance changes. These rapid changes across an image can
be quantified by calculating the spatial gradient, where a large
value change from one pixel to another results in a high gradient
magnitude. Computation of edges in a single-band image is
easily realizable with an edge kernel but the approach for a
multi-band image deserves some attention. The gradient of a
three-band color image field is described in Lee and Cok (1991)
and Saber et al. (1997). In this paper, we show an extension of
the algorithm to multi- and hyper-spectral imagery where more
than three bands are involved. Consider a multi-band image
defined by I = [I1, I2, …, In]T where Ii represents the ith band and
n is the number of bands. The spatial gradient matrix, D at
location (i, j) is given by
2

AI1
6 Au
Dði; jÞ ¼ 6
4 v
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3
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Av 7
v 7
5
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2. Overview of image analysis
In this section, we describe the suite of image processing tools
that form the image processing methods described in Fig. 1.
2.1. The spectral indices
The use of spectral indices like the NDVI to infer vegetation
conditions and the NDBR to measure burn severity have been
extensively documented in literature (see Section 1). These
indices may be used to generate the active fire areas and burn
scar. They are defined by the following equations
Rnir  Rred
NDVI ¼
Rnir þ Rred
NDBR ¼

Rnir  Rswir
Rswir þ Rnir

Rswir  Rlwir
Rswir þ Rlwir

and the maximum eigenvalue, λ(i, j) is defined by
λði; jÞ ¼
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where Rred, Rnir, and Rswir are the reflected radiance in the red,
near-infrared and short-wave spectral bands, respectively. For
some of the processing, we also used the modified NDBR index
as given in Eq. (3).
NDBRModified ¼

where u and v are the spatial image coordinates. The gradient
magnitude is computed by constructing the matrix,


pði; jÞ tði; jÞ
DT Dði; jÞ ¼
ð5Þ
tði; jÞ qði; jÞ

ð3Þ

where Rlwir is the radiance in the long-wave infrared region. For
unhealthy vegetation, the Rred value increases and the NDVI

qði; jÞ ¼


n 
X
AIk 2
Av
k¼1

ð9Þ

The magnitude of the multi-band image gradient, ‖D(i, j)‖ is
therefore given by
tDði; jÞt ¼

pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
λði; jÞ

ð10Þ
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In our case, when the magnitude of the gradient is calculated for
the multi-band image that includes the infrared bands, the
resulting edge map effectively outlines the area of active burning
based on the strong infrared emission from fire (see Fig. 4b).
High values of the gradient also indicate dominant fire pixels
(see Section 3.5).
2.3. Morphological image processing
Morphological image processing provides an effective
means of filling in broken edges and reducing the effect of
noise inherent in digital image processing routines such as edge
detection. Two fundamental morphological operations are
dilation and erosion. These operations are based on set theory
which have been extensively reviewed in image processing
texts like Gonzalez and Woods (2002), Seul et al. (2001), and
Parker (1997). Dilation adds pixels at region boundaries and
consequently tends to cause the features to grow in size.
However, it tends to suppress noise in the image. Image
thinning may be used to remove the excessive features added by
the dilation process without affecting the filled edges. The
dilation of the edge map image is vital for removing noise and
artifacts thereby allowing the extraction of the active fire line in
an automated process.
2.4. B-spline curves
B-spline curves have been extensively discussed in many
computer graphics texts (Foley et al., 1993; Schneider & Eberly,
2003). They are characterized by control points which are pixel
coordinates in our case and are quite effective in noise
suppression (Saber & Tekalp, 1997). B-splines are defined by

3. The approach
3.1. Airborne images
Input images used for our study are multi- and hyper-spectral
images from the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS), MODIS Airborne Simulator (MAS) and Wildfire
Airborne Sensor Program (WASP). These sensors deliver
images in different spectral bands. The AVIRIS sensor has
224 contiguous spectral bands and wavelengths ranging from
0.4 to 2.5 μm (Green et al., 1998). MAS has 50 spectral bands
with wavelengths spanning 0.55–14.2 μm (King et al., 1996).
These two sensors record information at 16-bit resolution. The
WASP is a 12-bit system and was designed by the Laboratory
for Imaging Algorithms and Systems (LIAS) group in the
Center for Imaging Science at the Rochester Institute of
Technology. It has a total of 3 infrared bands (short-, midand long-wave infrared) with wavelengths from 1.2 to 9.2 μm
(McKeown et al., 2005). The AVIRIS data set was from the
1999 San Bernardino Mountain fire in California (Figs. 2–6).
The image shows a portion of the fire that is backing into the
wind. The MAS image also shows a backing fire that occurred
in the Santa Catalina Mountains in Pima County, in Arizona
(Aspen fire, Figs. 7 and 8). It was ignited on June 17, 2003 and
burned for almost a month. The image used for our study was
captured on June 24, 2003. Three WASP images obtained
approximately at 10-min interval are from a prescribed burn in
the Vinton Furnace Experimental Forest in SE Ohio on April 17,
2004 (Fig. 9). This prescribed fire was in light and variable
winds and the images show the progression of the fire as well as
ongoing ignition of the fire.
3.2. Image processing

CðtÞ ¼

n
X

Si;j ðtÞPi

ð11Þ

i¼0

where j is the degree of the components of the polynomial C(t).
Pi ∈R2 are control points and ti are monotone sets of points also
referred to as knots for 0 ≤ i ≤ n and Si,j(t) is a real valued
polynomial t ∈ [t0, tn], 1 ≤ j ≤ n

Si;0 ðtÞ ¼

Si;j ðt Þ ¼

1; ti V t V tiþ1
0; otherwise

ðtiþj  tÞ
ðt  ti Þ
Si;j1 ðt Þ þ
Siþ1;j1 ðt Þ
tiþj1  ti
tiþj  tiþ1

ð12Þ

ð13Þ

The B-spline curves are used to approximate the active fire line
segments. They capture the essence of the active fire line but not
the high-resolution details that would make it difficult to
automatically draw a normal. We also use the smooth
visualization provided by the B-spline in our figures, but
more importantly, this parameterization of the active fire line
gives us an option to the digital image for model update and
adjustment within the DDDAS framework.

The initial phase of our proposed approach involves the
evaluation of the spectral indices NDVI and NDBR and the
magnitude of the multi-band spatial image gradient to generate the edge map for the given multi- or hyper-spectral
imagery (see Figs. 2, 3, 4 and 7). With AVIRIS, the 155
spectral bands ranging from band 70 to band 224 were used
for the multi-band image gradient. Shorter wavelengths were
not used to avoid the influence of smoke. For the same reason,
only bands 15 to 39 of MAS were used. For WASP, we used
the modified NDBR equation but could not calculate an NDVI
values based on the three infrared WASP bands. WASP includes an RGB camera allowing for the use of a modified
NDVI that replaces the NIR band with the short-wave IR band
in the NDVI equation. All three infrared bands of WASP were
utilized for the gradient magnitude computation. Sobel operators were used to implement the partial derivatives given in
Eqs. (7)–(9). The choice of these operators was based on their
combined ability to provide both the derivative and smoothing
actions (Gonzalez & Woods, 2002). A threshold was applied
to the resulting edge map using the technique discussed in
Ononye et al. (2005). This sets the stage for the next phase
which enables the active fire area and the fire perimeter to be
extracted.
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Fig. 2. Extraction of active fire map from NDBR using AVIRIS: (a) Band 107 – 1.3553 μm; (b) NDBR image, (c) active fire area generated by negative NDBR values
is shown in black and, (d) the contour active fire area extracted by zero-crossing technique.

3.3. Extraction of active fire area

3.4. Extraction of active fire line segments

Although both NDVI and NDBR tend to be negative for a
given burned area, NDBR provides a better mapping tool for
actively burning and burned areas (Key & Benson, 2002).
Negative values of the NDBR image were used to define the
active fire area. The outline of the active fire area was generated
by applying zero-crossing to the NDBR image. Similarly, with
NDVI a zero-crossing was also used to derive the fire perimeter.
Zero-crossing may be defined as the act of locating the
transition points in the image where the value changes from
positive to negative or negative to positive. The derived NDVI
image was dilated and then converted to a bi-level image to
provide a constraint for extracting the direction of fire
propagation. For WASP, the dilated NDBR image was used to
provide the direction constraint.

The edge map derived from the multi-band gradient was
transformed to a bi-level image with gray scale value of 255
denoting the active fire pixels and zero, for the non-active fire
pixels. The fire perimeter image deduced from NDVI (or
NDBR when processing WASP data) was also converted to the
same form. Next, the Boolean AND operation was applied to
the two images to extract the active fire line. Hence, a pixel was
deemed to be a point on the active fire line if the gray scale
values of that pixel in both the fire perimeter and edge map
images were 255. By applying this operation to all pixels, the
active fire line was extracted. The extracted active fire line at
this stage is in digital form and also piecewise. To generate a
fire line that would be used as input for the active fire
propagation estimation, a class map of these piecewise active

Fig. 3. Extraction of fire perimeter from NDVI: (a) NDVI image, (b) fire perimeter derived from the NDVI image in (a) by zero-crossing and (c) bi-level image derived
from NDVI by dilation, with the burned area in black.
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Fig. 4. Extraction of the active fire line from gradient and fire perimeter images by a Boolean AND operation: (a) fire perimeter from NDVI, (b) magnitude of spatial
multi-band gradient image, (c) the extracted active fire line in raw form and, (d) the processed active fire line fitted with a B-spline curve.

fire lines was created and then processed by B-spline curve
fitting. Class regions with at least nine contiguous pixels were
approximated using B-splines. The degree, j, of the polynomial
that provided the best fit was 3.

3.5. Normal estimation

Fig. 5. Constraint for deducing the direction of propagation of the active fire
front. (a) The encircled dots on the active fire line show the location of the
dominant fire pixels where normals are to be constructed. (b) The bi-level fire
perimeter image to be used to validate the direction of the fire propagation.

Fig. 6. Extraction of active fire front. (a) The extracted active fire front of San
Bernardino Mountain fire of 1999 – AVIRIS imagery. The arrows show
directions of propagation of fire fronts. (b) The superposition of the extracted
active fire front on the band 107 (the 1.3553 μm) image.

The normals at dominant pixel points on the B-spline estimate of the active fire line were obtained by a numerical
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Fig. 7. Computation of the multi-band image gradient magnitude and spectral indices with MAS imagery. (a) Band 40, a 5.272 μm image, (b) gradient magnitude (c)
NDVI, and (d) NDBR.

technique. Dominant pixels are defined as those with high
gradient values. Driven by the fact that the shape of the
propagating fire front is elliptical (as previously discussed in
Section 1) and also given that an ellipse is a second order
polynomial, a generalized quadratic curve shown in Eq. (14)

was used to fit a selected number of points around the dominant
fire points.
f ¼

2
X

ai x i

ð14Þ

i¼0

A least squares maximum likelihood estimate was used to
deduce the coefficients ai. Once these coefficients were
computed, the equation of a straight line
y ¼ mðx  xi Þ þ yi

Fig. 8. The extraction of fire front with MAS imagery. The extracted fire front is
superimposed on the band 40 (the 5.272 μm) image.

ð15Þ

1:0
) through each of the pre(where the slope, m ¼
jf
determined dominant points was constructed. There is a
tendency for high gradient magnitudes to cluster together
rather than be distributed along the curve. To ensure a fairly
good spread of the selected dominant fire points, the maximum gradient within a sliding 17 × 17 window was utilized
to suppress the successive neighboring points from being
selected as dominant. Once the dominant pixels were flagged,
every other pixel on the active fire within the same local
window was employed in the estimation of the local normal
in the normal routine. This was to broaden the number of
points used within the neighborhood of the dominant fire
points without a drastic reduction in the computational speed.
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Fig. 9. Validation of our technique with a time sequence of WASP imagery captured over controlled burn (a two-level ignition) in Ohio, 2004. The unburned region in a
textured pattern shows the progression of fire in the images. (a) SWIR image, (b) SWIR image sequence captured 11 min later, and (c) SWIR captured 10 min after (b).
(d) and (e) are superposition of the extracted fire fronts on the input images (a) and (b), respectively. The directions that are either missed or incorrectly extracted tend to
be in regions that were freshly ignited.

3.6. Estimation of direction of propagation of fire front
The final phase of our technique is to specify the direction
of fire propagation. A direction has to be assigned to the
normal line found with Eq. (15) pointing in the direction of
the unburned vegetation. With the extracted and processed
active fire line, a straight line at each dominant fire pixel
location was constructed and its direction was therefore
assigned according to the constraint provided by the bi-level
fire perimeter image.
4. Results and discussion
The complete sequence of images showing the steps in
our technique are presented for the AVIRIS image of the
San Bernardino Mt. fire. The extraction of the active fire area
from NDBR is shown in Fig. 2. In this figure, a subset of
band 107, the 1.3553 μm band is depicted in (a) and the
NDBR image is illustrated in (b). The appearance of the
NDBR image indicates it could easily be classified by image
processing techniques to extract relevant features. The active
fire image found from negative values of NDBR as discussed
previously is shown in (c) as the black region. The zerocrossing technique was used to outline the active fire area
shown in (d) using the result in (b). This figure demon-

strates the effectiveness of our approach as an image feature
extractor.
The result of the fire perimeter extraction from the NDVI
image is displayed in Fig. 3. The NDVI image is displayed in
(a). In (b), the fire perimeter extracted by the zero-crossing
procedure using the NDVI image as the input is shown. A bilevel image that delineates the burned region from the unburned
is shown in (c). In this image, the burned region is in black while
the unburned is white. It therefore provides a useful mechanism
for automating the calculation of the direction of fire
propagation.
The active fire line extracted by applying the Boolean AND
to the NDVI and the gradient images is shown in Fig. 4. The fire
perimeter (derived from the NDVI) is depicted in (a) and the
multi-band image gradient magnitude which has been postprocessed is shown in (b). In this image, the background was
suppressed (set to black) to accentuate the fire area. The
extracted active fire line is shown in (c). This fire line is noisy,
with broken edges (raw form). The B-spline estimate of the
active fire line is shown in (d).
In Fig. 5, the constraints for validating the direction of fire
propagation are shown. Location of dominant fire pixels
deduced from high values for the multi-band image gradient
magnitude are depicted as encircled dots on the fire line, as
shown in (a). The bi-level fire perimeter (derived from the
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NDVI image) is shown in (b). This image provides the
validation for discerning the direction of the normal at each
dominant position. Using the image pair in this figure,
directions of propagating fire fronts were deduced and are
shown in Fig. 6. The result is in accord with the intuition that
fire propagates from burned or active burning area to an
unburned. In (b), the extracted active fire fronts are superimposed on the image (band 107).
The results using MAS imagery are shown in Figs. 7 and 8).
We show only a select set of images of the intermediate steps. A
subset of band 40, a 5.272 μm image is shown in Fig. 7(a). In
this figure, the multi-band gradient magnitude is displayed in
(b) and the NDVI and NDBR images are shown in (c) and (d),
respectively. The propagating fire front is displayed in Fig. 8
superimposed on the input image.
For the three time sequential WASP images, we show the
final result, thus, providing an opportunity to assess the success
of the technique in automatically determining the fire
propagation. The time sequence of the short-wave input images
(10–11 min apart) are displayed in Fig. 9(a)–(c). The figure
demonstrates how the central unburned region in a textured
pattern shown in (a) progressively shrank in size as illustrated in
(b) and (c) as the fire began to spread. The image shown in
Fig. 9(b) was captured about 11 min after (a) and that in (c) was
10 min after (b). The lower left part of the fire in (b) and (c) were
just ignited and hence the direction of propagation is not always
correctly predicted because there is unburned vegetation on
both sides of the narrow fire line. In (d) and (e), the extracted
fire fronts are shown superimposed on the input data sets (a) and
(b), respectively.
5. Conclusion
We have shown that we can successfully use a series of
image processing tools to extract parameters related to fire
propagation from multispectral infrared single images and
image sequences. A multi-band image gradient process is
effective in locating the active fire line in multispectral infrared
images captured with three different sensors. The fire
propagation parameters are needed for model update and
adjustment within a Dynamic Data-Driven Application System
(DDDAS) framework for forecasting fire propagation. Visual
analysis of the results for the three test images suggest that this
automatic method for extracting fire line parameters will work
quite well for fires that have well defined fire perimeters
expanding from the ignition location. This image processing
approach was able to extract the fire perimeter, active fire line,
and fire propagation direction without the use of any ancillary
data. It is not surprising that the propagation direction parameter
has more errors when the fire is complex and newly ignited
because of the difficulty in establishing the propagation
direction solely from the image.
An important aspect of further work will be establishing
probabilities or error estimates to accompany the derived
parameters. Low confidences can be assigned to new ignitions
that are surrounded by unburned fuel and high confidences
assigned when the NDVI and NDBR parameters allow for the
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unambiguous and automatic establishment of the fire propagation
direction. These probabilities or errors are required within the
DDDAS framework for model adjustment and updating. More
analysis of image sequences for complex fires similar to those
shown for the prescribed burn in Fig. 9 will be useful for further
establishing the accuracy of the method and assessing the potential
for additional image processing tools for improving the fire
parameter estimates. Finally, methods for comparing the imagederived parameters with the fire propagation model require further
study since the parameters we have derived, while useful for
visualization, may not be optimal for matching to the model output
during the automated model update and adjustment process.
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