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AVHRR 3.7-um Channel
Abstract
The 3.7-|jim channel on-board the National Oceanic and Atmospheric Administration's (NOAA) Advanced Very High Resolution
Radiometer (AVHRR) provides the unique capability to detect
small, but hot, surface features. We present an image-processing
technique based on a pixel-by-pixel subtraction of 10.8 |xm from 3.7
inn brightness temperatures. We also develop an automated technique which classifies hotspots based on: 1) the brightness temperatures at 3.7 and 10.8 |jim at a given pixel, and 2) a background
temperature based on the immediately surrounding pixels.

1. Introduction
The 3.7-um channel aboard the National Oceanic
and Atmospheric Administration's (NOAA) Advanced
Very High Resolution Radiometer (AVHRR) provides
the unique capability to detect small but hot features
of meteorological interest. Wildfires (Matson et al.
1987), industrial exhaust (Matson and Dozier 1981),
agricultural fires (Muirhead and Cracknell 1985), and
natural gas waste flares (Muirhead and Cracknell
1984) have all been detected using the 3.7-|xm channel. Through multispectral image processing, this
paper presents two techniques to improve the detection and evolution of "hotspots." First, a bispectral
image enhancement makes fires more apparent to
an analyst. This technique can be used to observe
the growth of forest or range fires. Second, an automated algorithm detects hotspots using the digital
data from the three infrared (IR) channels of the
AVHRR.
Using the interactive tools on a state-of-the-art
image processing system, an expert can accurately
detect almost all hotspots. Still, there is reason to
automate the procedure. For multiple datasets, an
automated system has the potential to produce more
timely, consistent, and thorough analyses, particularly
if well-trained analysts are not available. Expert systems could be developed around such applications
providing early detection of fires and other hotspots
without the need for time-consuming image interpretation. Hotspot climatologies could be generated over
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datasets too large for manual analysis, providing
important datasets for the study of global change.

2. Data
The appearance of hotspots on 3.7-|jim images varies
considerably. First, interpretation is more straightforward at night than during the day, when solar reflection from clouds and smoke can obscure the signatures of hotspots. Second, detectability depends on
size. Large wildfires are easily seen on images, affecting many contiguous pixels. On the other hand,
anthropogenic hotspots, such as exhaust towers or
natural gas waste flares, nearly disappear on many
images. Unskilled analysts can easily mistake them
for random noise. Third, lower-magnitude hotspots
often blend with background features on images,
making detection difficult.
To improve hotspot detection, this study uses a
combination of the three infrared channels from the
AVHRR: 3.7, 10.8, and 11.8 |xm. These three channels have a minimum noise-equivalent differential
temperature of 0.12 K at 300 K and all three saturate
at 321 K. We use local area coverage (LAC) data,
having a spatial resolution of approximately 1.1 km at
nadir.
Over most cloud, land, and ocean scenes, the received radiances at 10.8 and 11.8 (Jim greatly exceed
those received at 3.7 jim. For high-temperature targets, however, the maximum response shifts to 3.7
um. Although hotspots may fill only a small portion of
a pixel, the energy produced can raise 3.7-um brightness temperatures far in excess of those observed at
10.8 and 11.8 |xm (Dozier 1981; Matson et al. 1987).
Our datasets represent three geographical areas,
each containing distinct types of hotspots: wildfires in
Yellowstone National Park; gas waste flares in the
Persian Gulf; and structure fires triggered by the October 1989 earthquake in California. We correct all
three datasets for a slight misregistration of the 3.7ixm channel with respect to the 10.8- and 11.8-fxm
channels. The correction shifts the 3.7-|xm image to
the right by one-quarter pixel using linear interpolation, as measured by an observer facing in the same
direction as the satellite's velocity vector (Allam
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1986). We analyze nighttime data only, for which the
3.7-um channel represents thermal emission.

3. Bispectral image enhancement
a. Fires in Yellowstone National Park
During early September 1988, wildfires burned a
large portion of Yellowstone National Park and surrounding areas. A pre-dawn 10.8-|jim image from 2
September shows little evidence of bright (hot) areas
which would indicate fires (figure 1). On the corresponding 3.7-|mm image (figure 2), the major hotspots
appear vividly as bright spots against a darker
(colder) background. Nevertheless, the thermal variation of the background masks smaller fires even on
the 3.7-|mm image. It is possible, for example, to mistake small lakes for fires on figure 2. Figure 3 is an
image composed of a pixel-by-pixel difference in
brightness temperatures between the two channels.
Fire areas stand out distinctly, having much higher
temperatures at 3.7 than at 10.8 |jim. Background
features appear nearly black because their differences are nearly zero.
Unfortunately, the difference image suppresses
useful landmarks. For example, Yellowstone Lake,
prominently seen in the upper center of both figures 1
and 2, disappears in the difference image. To restore
landmarks without reintroducing ambiguity, we depict
fires in red (all pixels with differences greater than 2.5
K) and retain the original 10.8-|mm image elsewhere
(figure 4).
A cross section (figure 5a) through a portion of the

FIG. 1 NOAA-9 10.8-|jim image of Yellowstone region, 1158 UTC
2 September 1988.
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study area (position annotated in figure 2) illustrates
how both bands are required for the identification of
some hotspots. The two channels have identical signatures over a pair of lakes, but at a small fire, the
3.7-jxm trace increases sharply without a corresponding jump at 10.8 |xm. The difference of the two bands
(figure 5a) shows reduced background variation and
removes the original ambiguity between the hotspot
and the lakes.
Using 3.7-|jim data with uncorrected registration
(figure 5b), the 3.7-|mm trace lies slightly to the left of
the 10.8 |jim trace, apparent especially over the two
lakes. The uncorrected difference trace (figure 5b)
has a background range twice that of the corrected
difference (figure 5a). Thus, the application of the
registration correction helps ensure detection of
hotspots of low magnitude. Difference images (such
as figure 3) can also yield useful depictions of fire
movement or growth over a 24-h period. Figure 6 is
an expanded rectangular projection of figure 3, centered on Yellowstone Lake. Figure 4 shows the identical product from a NOAA-9 pass 24 h later. (We coregistered the two images by adjusting their navigation to agree with the known positions of local lakes.)
The patterns created by the fires are similar on the
two images, and close inspection is required to infer

FIG. 2 NOAA-9 3.7-|jim image of Yellowstone fires, 1158 UTC 2
September 1988. Bright spots generally indicate fires but may also
indicate small lakes. The brighter spots surrounding Yellowstone
Lake all correspond to known burned regions and occurred within
the following fire complexes: Hellroaring, Storm Creek, Clovermist,
Mink, Snake River, Huck, North Fork-Wolf Lake, and Fan (Jeffery
1989). The bright spots in the lower left (near the letter B) are
associated with the Fayette fire. Horizontal line (from A to B)
indicates position of the cross-section in Fig. 5.
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FIG. 3 Brightness temperature difference (3.7 minus 10.8 |xm)
image of Yellowstone fires, 1158 UTC 2 September 1988.

FIG. 4 Zooming in on a composite image of Yellowstone fires,
fires appear in red; 10.8 (Jim-data appear elsewhere.

fire movement or growth. Figure 8, representing the
subtraction of figure 6 from figure 7, clarifies fire behavior over the 24-h period. Positive values (white)
indicate that fires are present at a location at the later
time; negative values (black) indicate that fires were
present at the earlier time but are now absent. Many
of the fire complexes in the time difference image
(figure 8) exhibit growth toward the west or northwest. However, some complexes (e.g., those just
south of Yellowstone Lake) appear nearly stationary.
The locations and movements of fire complexes in
figures 6-8 agree with daily burn charts in preparation
by the USDA Forest Service (Chase 1990).

(section 3a), the technique diminished the ambiguity
between fires and warm lakes. In this instance, it
removes the ambiguity between fires and the neighboring mountainous terrain.

b. Fires following the California Earthquake
At 0004 UTC (1704 Pacific Daylight Time) on 18 October 1989, a major earthquake triggered numerous
small fires in central California (table 1). A 3.7-|jim
image (figure 9) taken three hours later contains the
resulting hotspots, but several are partially masked
by a variable background. The image also contains
hotspots associated with industrial exhaust plumes, a
power plant and a wildland fire caused by discarded
smoking material. A 10.8-|jim image of the area (not
presented) shows no evidence of hotspots.
A nearly identical enhancement as applied to the
Yellowstone fire (section 3a) was used for this scene
(see cover of this journal). In this case, interchannel
differences greater than 0.5 K are shown in red. The
most marked improvement with respect to the raw
image (figure 9) appears in the Santa Cruz Mountains near the epicenter. In the Yellowstone case
1724

FIG. 5 West-east transect through fires and lakes in lower right
corner of Fig. 2; a) registration correction applied to 3.7-(jim data; b)
no registration correction applied to 3.7-fxm data.
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FIG. 6 Brightness temperature difference image (3.7 minus 10.8
jxm) of Yellowstone fires, 1158 UTC 2 September 1988. Image
represents a registered subscene from Fig. 3. Outline of Yellowstone
Lake appears in the center of the image.

FIG. 7 As in Fig. 6, except 1147 UTC 3 September 1988.

Using the 3.7-, 10.8- and 11.8-|jim channels, our algorithm searches an image scene for pixels affected
by hotspots. It automates and refines classification
techniques developed in an earlier system to monitor
forest fires (Flannigan and Vonder Haar 1986).

each wavelength, the target and background radiances are summed for a series of model "mixed pixels" (e.g., 99.9% background area and 0.1% target
area); and 3) the Planck function is inverted to convert the combined radiances back to the "mixed"
brightness temperatures at the two wavelengths. The
resulting curves (figure 10) form the criteria subsequently used to classify the scene. The larger the
target temperature selected, the more restrictive the
criteria for hotspot detection.

a. Preprocessing
Before processing the data in a scene, the user provides a threshold blackbody "target" temperature (K).
If, in the subsequent search through the image data,
the estimated blackbody temperature of a subregion
within a pixel exceeds this temperature, the pixel will
be flagged as containing a hotspot. Then, the algorithm generates a set of threshold curves based on
the target temperature specified by the user. We generate separate curves for all possible background
temperatures (to the nearest degree) by a method
similar to Dozier's (1981): 1) Planck blackbody radiances are computed at 3.7 and 10.8 |jim for the target
temperatures and background temperatures; 2) for

b. Data classification
The algorithm considers each pixel in the scene, performing several tests. First, it performs a low-temperature screen, eliminating pixels with 10.8-|jim
brightness temperatures less than 263 K (-10°C).
This procedure serves as a preliminary cloud filter;
moreover, it precludes analysis of cloud-free, cold regions where 3.7-|jim data quality drops dramatically
(Yanomouchi et al. 1987; d'Entremont and Kleespies
1988).
Next, the algorithm generates brightness temperature averages of the 3.7-, 10.8- and 11.8-(jim channels using the four surrounding "side" pixels (figure
11). The resulting 10.8- and 11.8-|jim information is

4. Automated detection algorithm
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TABLE

1. Fires resulting from earthquake,

17

October

1989

1. Adjacent residences in San Francisco, California. Reported at 1711 PDT. Cause
unknown.
2. Automobile repair facility in Berkeley, California. Reported at 1704 PDT. Caused by
ignition of flammable fluids.
3. Small wildland fire caused by downed power lines. Unknown report time.
4. Residence fire caused by broken gas line. Unknown report time.
5. Winery fire in rural area caused by broken gas line. Reported at 1714 PDT.
6. Residence fire in rural area caused by broken gas line. Reported at 2355 PDT.
7. Residence fire caused by broken gas line. Unknown report time.
Source:
(1) San Francisco Fire Department.
(2) Berkeley Fire Department.
(3) through (7) California Department of Forestry and Fire Detection in Felton, California.

then used in the formula of McClain et al. (1985) to
compute a background temperature representative of
the interior pixel. Originally developed to estimate
sea-surface temperature, this formula has also verified well over land (Cooper and Asrar 1989). We then
compute two corrections by subtracting the averages

FIG. 8 Twenty-four-h change image based on a pixel-by-pixel
difference of Figs. 6-7. Bright areas indicate fires on 3 September;
black areas indicate fires 24 h earlier. Arrows represent direction of
movement for several fire complexes.
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of the 3.7- and 10.8-ixm brightness temperatures
from the background temperature. These corrections
are added to the 3.7-ixm and 10.8-|mm brightness
temperatures of the interior pixel (Dozier 1981).
When plotted against background temperatures,
the interior pixels generally fall into three categories
that overlap near the origin (figure 12). Clouds and
terrain features tend to have similar temperatures in

FIG. 9 NOAA-10 3.7-jim image of San Francisco Bay Area, 0304
UTC (2004 PDT) 18 October 1989. Numbers appear to the right of
earthquake-related fires (key in table 1).
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TABLE

2. Algorithm performance in detection of
hotspots imaged in Fig. 14.

Image Size: 85544 pixels
Number of hotspots: 20
Temperature (K)

350
375
400
500
600

Correctly
Detected

False
Detections

19(95%)
19(95%)
19(95%)
17(85%)
14 (70%)

21
5
3
0
0

both channels and fall roughly along a 45° line.
Hotspots, on the other hand, are much warmer than
the background at 3.7 |mm, while only slightly warmer
at 10.8 |jim.
A few hotspots (around 5%) are associated with
10.8-|xm temperatures slightly lower than the background. These cases occur when, due to natural
thermal variation, the surrounding pixels overestimate
the background temperature of the interior pixel.
Overestimates of the background temperature by
only a few tenths of a degree can produce these
anomalies, because the hotspot signature at 10.8 |jim
(as opposed to 3.7 |mm) is quite weak at the interior
pixel. We account for the sensitivity to 10.8-|mm estimation errors by allowing hotspot detection even
when the 10.8-|jim temperature falls slightly below the
background temperature (figure 13). This modification increases the detection of hotspots without introducing many additional false detections. The algorithm only allows hotspot detection when the 3.7-|xm
temperature exceeds the background temperature by
at least 1K (arrow in figure 13). The use of this adjustable parameter prevents misclassification of background features and noise, but precludes the detection of hotspots of very low magnitude.

FIG. 10 Subresolution "hotspot" temperatures (e.g., 400, 600,
800 K) as a function of 3.7- and 10.8-|xm brightness temperatures. A
background temperature of 285 K is assumed.
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FIG. 11 Three by three matrix of pixels used for hotspot
identification. The interior pixel (I) is tested for the presence of a
subresolution hotspot. The corner pixels (C) or the side pixels (S)
are used as the basis of the background temperature.

If a 3.7- and 10.8-|xm data pair falls within the
shaded area on figure 13, the algorithm performs a
second, confirmatory set of tests. The second set of
tests is identical to the first except that we use the
corner pixels (instead of the side pixels) as the basis
for the background temperature. The combination of
the two tests (based on the noise-clearing technique
of Schowengerdt (1983) screens false positives that
include: clouds with high thermal variation, coastlines, ponds and image noise.
At times, a hotspot causes the 3.7-|j,m sensor to
saturate (i.e., brightness temperature in excess of
321 K). In the absence of hotspots, sensor saturation
does not occur in nighttime data. Thus, we automatically classify "saturated" pixels as hotspots, independent of information from 10.8 |xm.
c. Case study: Persian Gulf
Natural gas waste flares in the Persian Gulf often affect only a pixel or two (Muirhead and Cracknell
1984). On a 3.7-|jim image of the entire Persian Gulf
region (not shown) the resulting hotspots were nearly
invisible. To test the algorithm described in section 4,
an analyst located all the hotspots using a greatly expanded subimage. For confirmation, we consulted
Defense Mapping Agency Aerospace charts and petroleum production maps. The identified hotspots on
the image corresponded closely to the locations of
known petroleum platforms, towers or production
areas. Matson and Dozier (1981) found a similar correspondence between known production areas and
1723
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FIG. 12 Conceptual distribution of image features of the interior
pixel (depicted in Fig. 11) with respect to the background temperature.

satellite hotspots in the Persian Gulf.
We then ran the algorithm for five target temperatures to check its accuracy against the hotspot locations determined by the analyst (table 2). For 350,
375 and 400 K, the detection rate was 95%, but false
detections also occurred, especially for 350 K. For
500 K, the detection rate fell to 85%, but false alarms
were eliminated.
Figure 14 illustrates the results of the algorithm for
a target temperature of 400 K. The false detections
resulted from the edges of clouds and from coastlines. The undetected hotspot occurred because the
3.7-|xm temperature exceeded the background temperature by only 0.75 K—less than the 1 K minimum
required for detection.

5. Discussion
Both techniques produce information about hotspots
by relying on the 3.7- and 10.8-|jim channels together. Both apply a registration adjustment to the
3.7-|xm channel, reducing the potential for false detections. Both techniques are degraded to the extent
that noise appears in the 3.7-|xm image. In fact, because of the rapidly diminishing signal-to-noise ratio
at 3.7 ijum for cold temperatures, a meaningful analysis of snow- or ice-covered scenes is nearly impossible.
a. Bispectral enhancement
In the Yellowstone Park case (section 3a), many of
the larger fires could be seen in the "raw" 3.7-|xm
image (figure 2). Still, the technique (figure 3) helped
enhance smaller, peripheral fires. In the California
1724

FiG. 13 Empirical modification of curves in Fig. 10, assuming a
background temperature of 285 K, a target temperature of 600 K,
and a 1 K elevation of the 3.7-|xm temperature above the background
temperature (arrow).

earthquake case (section 3b), the technique helped
bring out structure fires not easily detected using the
3.7-|xm data only (figure 9). The enhanced image
(cover) distinctly shows even individual house fires.
Had it been available in real time, authorities could
have identified the structure fires in remote areas and
acted sooner to avert damage.
The bispectral enhancement retains the signal
given off by fires but suppresses the ambiguous thermal signal produced by terrain and water bodies. It
depicts areas of flames well but also appears to enhance slightly cooler, smoldering regions. Over water
or flat terrain, the technique produces less pronounced improvement compared to unprocessed
3.7-|xm images.
The appropriate threshold to distinguish fires from
the background ranges from about 0 K to 3 K of difference between the 3.7- and 10.8-|jLm channels. The
uncertainty in threshold choice requires minor experimentation to produce the most appropriate product in
a given region. A major contributor to the uncertainty
is noise in the 3.7-|jim channel. The noise, which varies from satellite to satellite, can produce anomalous
patterns on products for which the threshold is set too
low . Future AVHRR sensors will operate with greatly
reduced noise, enabling a more stable threshold
choice. Even now, however, a fixed threshold (e.g.,
+1 K of difference) will delineate fires far better than
the application of specific temperature thresholds to
"raw" 3.7-|xm images. Our experiments using this
latter scheme (not presented) produced images with
spurious fires over warm water bodies and warm
surface features.
Vol. 71, No. 12, December 1990
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The time-differencing technique, which captures
fire growth in a single image (figure 8), is a useful tool
to study forest or range fires which span a period of
24 h or more. It can distinguish fires which are experiencing little or no growth from those which are growing or moving rapidly. It can also identify fires which
have either started or gone out in the previous 24 h.
b. Automated technique
The automated algorithm is especially appropriate for
the detection of tiny, low-magnitude hotspots that a
human analyst might fail to see or mistake for noise.
The computation of a locally based background temperature allows the algorithm to operate accurately in
scenes with strong variation of surface temperature.
For example, in the Persian Gulf case (figure 14) the
surface temperatures used ranged from 294 K over
the land to 302 K over the warm Persian Gulf waters.
By considering a local neighborhood, the algorithm
computed appropriate background temperatures for
each area analyzed. Thus, the algorithm could detect
hotspots which were as little as 1 K warmer than the
immediately surrounding pixels.
Large wildfires, unlike anthropogenic hotspots, often contain regions of active flames adjacent to smoldering regions. The algorithm detects active flames
well, but sometimes not the adjacent smoldering areas. This classification occurs because one or more
pixels adjacent to a "smoldering" pixel may contain

FIG. 14 Expanded 3.7 ixm-image of Qatar region within the
Persian Gulf. Annotation indicates whether the algorithm (using a
target temperature of 400 K) detected (D), did not detect (ND), or
falsely detected (FD) natural gas flares (white dots). On the
reproduction here some of the lower-magnitude hotspots can not be
seen against the background.
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active flame, elevating the background temperature
considerably. Thus, the smoldering pixel will be relatively cool by comparison and will not be classified as
a hotspot. Users desiring to detect smoldering regions on the peripheries of large fires should rely
more on the bispectral enhancement described in
section 3a.
The automated algorithm is well suited to operate
over a variety of backgrounds, including both land
and ocean areas. The two complementary tests (using side and corner pixels as the basis of background
temperature) serve to screen clouds and unaffected
surface features alike. The tests are effective because the bispectral signatures produced by hotspots
tend not to coincide with the signatures of clouds and
the surface (figure 12). One improvement to the present scheme would divide the screened pixels (no
hotspots detected) into cloudy and clear subcategories. Such a subclassification would specify whether
a region in which no hotspots are detected is actually
free of fires, or merely cloud covered so that no conclusions are possible. Various nighttime cloud
screens using AVHRR data could provide this capability (Olessen and Grassl 1985; d'Entremont and
Thomason 1987; Saunders and Kriebel 1988). Such
a cloud screen would also help remove the remaining
false detections.
The specification of a target temperature represents a consistent way of tuning and checking the algorithm but should not be considered a reliable delineation based on actual flame temperature. For example, the flame temperature of natural gas is
roughly 2900 K (Lewis and von Elbe 1961). Nevertheless, Matson and Dozier (1981) calculated only 790 K
from AVHRR measurements and suggested that this
temperature represented a composite of the flame
itself and cooler, invisible hot by-products.
c. Future sensors
Improvements in future satellite sensors offer exciting
possibilities for the detection and analysis of
hotspots. The next-generation Geostationary Operational Environmental Satellite (GOES-NEXT) will
have a 3.8- to 4.0-jjim channel with a 4-km nadir
resolution. Analysts will be able to monitor the progress of fires by viewing film loops composed of
frames available every 15-30 min.
The Moderate Resolution Imaging RadiometerNadir (MODIS-N), being planned as a Facility Instrument for the Earth Observing System platform A, will
be equipped with four high-temperature "fire" sensing thermal channels. The ground resolution of these
channels will be nearly 1 km. The channels and their
saturation temperatures will be 3.75 |xm (700 K), 8.55
IJim (400 K), 11.03 ^m (400 K) and 12.02 |jim (400 K)
1723
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6. Summary and conclusions
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be used to detect extremely hot scenes on the surface of the earth. Operational use of this information
has been hampered by the extremely small size of
some hotspots and the ambiguous signal of the surrounding terrain. This study has demonstrated two
techniques to alleviate these problems.
A bispectral enhancement, based on the difference between the 3.7- and 10.8-|jim channels, facilitates the identification of fires on images. It is capable
of removing the ambiguities in interpretation which
arise over mountains, coastlines, and lakes. With the
advent of inexpensive satellite receiving and processing work stations, this application can be easily implemented to support fire assessment at a variety of
sites. Nonscientists should be able to interpret the
product quickly and accurately.
The automated algorithm allows detection of small
hotspots which tend to be nearly invisible on images.
Thus, an entire AVHRR pass can be searched for
hotspots without having to examine magnified subscenes. Its chief advantage is speed and consistency
in working with large datasets. The technique should
allow comprehensive summaries of hotspot information without a large cost in human labor.
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