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A new era of commercial high-resolution imagery from space began late in 1999 resulting in resolution that is now sufficient to
resolve marine mammals. This encouraged investigating the use of satellite imagery for marine-mammal population census and
related studies. The question was raised: Can marine mammals be reliably detected above sensor noise and ocean clutter? To answer
this question, a signal model was developed and simulated 14-meter targets were injected into IKONOS satellite imagery. A variation
of a well-known, two-color method was used to subtract the ocean clutter. After clutter mitigation, it was possible to detect the simulated animals to depths of approximately 20 meters depending on the animal’s size, spectral reflectivity, and the optical properties of
the ocean. The first images of marine mammals from space are presented. These examples, however, were targets of opportunity
without ground truth. The preliminary assessment on the detectability of marine mammals rests largely on models and simulations.

I. INTRODUCTION
Aerial surveys have become a common and widely used means of surveying populations of marine mammals.
For example, a campaign of annual surveys began in the early 1990s to monitor humpback whales in their Hawaiian
wintering grounds1 (see Office of Naval Research (ONR) Web site2). Aerial surveys are routinely used to monitor
the location of the northern right whale population and help reduce ship strikes. The U.S. Navy has used such aerial
surveys in planning operations near San Clemente Island.3
Aerial surveys are currently the fastest way to survey large ocean areas, but they involve tremendous time,
effort, and expense. Within a few years, satellite imagery could replace some aerial surveys as a means of marine
mammal census. Satellites are especially suitable in open ocean clear water environments and remote areas that are
difficult to survey with aircraft.
The author began to research this concept at the end of 1999 when the first commercial high-resolution (HR)
imaging satellite, IKONOS 2, was successfully launched. (All product or company names mentioned in this paper
are the trademarks of their respective holders.) The initial models and algorithms came from earlier research on
antisubmarine warfare (ASW) and mines countermeasures systems conducted when the author was an employee of
SRI International in Menlo Park, CA. In 2001, ONR sponsored a Small Business Technology Transfer (STTR)
program to investigate the use of ASW and mine detection methods as a method for detection of marine mammals.
This paper summarizes results that are encouraging but largely based on models and simulations. It should be stressed
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that the validation of the model assumptions requires further study with space imagery collected simultaneously
with ground truth.
A Brief History and Background of HR Satellites
Until 2000, the best commercially available imagery from space was offered by the French SPOT satellites,
Russia’s KFR-1000 (marketed under the Spin-2 trademark), and the India Sat IRS constellation. These systems lack
one or more of the following essential characteristics for marine mammal detection: sufficient pixel resolution,
sufficient radiometric dynamic range because marine mammals are low light and low contrast to background ocean
clutter, and multispectral resolution used to discriminate targets from clutter. The commercial HR satellites (IKONOS,
QuickBird) have all the requirements for marine mammals.
The HR imaging industry was spurred by a national policy through Presidential Decision Directive 23 of March
1994, the National Space Policy in September 1996, and DoD Directive 5105.60 seeking to promote and enhance
American competitiveness in space remote sensing. This policy gave domestic firms a competitive advantage by
enabling them to offer higher resolution than currently provided by foreign satellites. The U.S. Government initially
licensed 1-meter resolution, which was later revised to 0.5 meter. Three American companies, Space Imaging,
DigitalGlobe (formerly called EarthWatch), and Orbital Imaging, responded to the opportunity. The initial system
specifications of all three firms were similar and offered significant improvements over earlier best commercial
imagery provided by SPOT 4. Table 1 compares SPOT 4 and Space Imaging’s IKONOS 2.
The start of commercial HR satellites was plagued with launch failures. EarthWatch lost EarlyBird 1 in December 1997 because of a power system failure. Space Imaging’s IKONOS 1 failed nose cone separation and plunged
into the South Pacific in April 1999. EarthWatch’s second attempt, QuickBird 1, failed to reach a sustainable orbit in
November 2000. Orbital Image placed its version of a 1-meter satellite, OrbView 3, on hold and raced to be the first
HR satellite with hyperspectral capability in OrbView 4. OrbView 4, however, failed to reach orbit in September
2001.
Despite these setbacks, the industry experienced its first success with the IKONOS 2 launch on September 24,
1999. After the IKONOS launch, the U.S. Government began licensing 0.5-meter resolution. This change came just
in time for DigitalGlobe to modify QuickBird 2 for a lower orbit and 0.6-meter resolution. On October 18, 2001,
QuickBird 2 became the industry’s second successful launch.
Several more HR satellites are planned for the near future. Space Imaging’s IKONOS 3, which is characterized
by 0.5-meter panchromatic image (pan) and 2-meter multispectral image (MS), will be launched in 2004. Orbital
Table 1 — System Specifications
SPOT 4
Altitude
Orbit
Panchromatic resolution
Multispectral resolution
Multispectral bands
Data quantization
Pointing
Revisit interval
Cross-track image footprint

10 m
20 m
B, G, R, and NIR
8 bit
Nadir
60 km

IKONOS 2
700 km
Polar, 10:30 AM equator crossing
1m
4m
Same
11 bit
Up to 30° off nadir
1 day
11-13 km
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Image is moving forward with OrbView 3. In addition, there are some interesting foreign competition developments.
ImageSat is planning a constellation of small Series A 1.8-meter resolution and Series B 0.8-meter resolution HR
satellites. Their EROS A1 went into orbit in December 2000 and is now selling imagery. EROS B1 (0.8-meter pan)
and EROS B2 (0.8-meter pan, 3.3-meter MS) are scheduled for 2000-2004. The EROS satellites possess an additional interesting feature that allows them to adjust the image dwell time. Increased dwell time can be useful for
collecting more light from dim targets such as marine mammals. ImageSat is also considering lowering future orbits
to increase resolution.
IKONOS 2, which has been operational for 3 years, provides 1-meter pan and 4-meter MS imagery. EROS A1
offers 1.8-meter pan. QuickBird 2 began offering 0.6-meter pan and 2.4-meter MS in early 2002. Because the number of HR systems will grow in the next few years, this is an opportune time to begin investigating the potential for
detecting marine mammals.
Test Data Image
The study in this paper is based partly on modeling and partly on real data. The real data comes from one
IKONOS 2 image taken over Maui, Hawaii, on January 25, 2000, which is shown in Fig. 1. The entire image was
stitched from two basic IKONOS images and covers 10 kilometers × 20 kilometers. The enlargement of the top box,
illustrating a marina in panchromatic, is an example of a 1-meter resolution. Note that individual boats and cars in
the adjacent parking lot are easily resolved. Because these boats and cars are comparable in size to marine mammals

Fig. 1 — IKONOS 2 image of Maui taken January 25, 2000. Boxed areas are: (top) a marina,
shown enlarged and in panchromatic resolution
on the right; (bottom) a region of high wind used
for ocean clutter analysis; and (center) a windprotected area where several marine mammals
were found.
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(4-15 meters), it is expected that a similar level of detail exists in images of marine mammals. The water is Case 1,
indicating that the optical properties of the water are representative of open ocean conditions. The southwest corner
of the image (bottom) shows strong winds and an aggressive and fully developed sea. This area was used for simulations of detections in ocean clutter.
Because the entire water area in this image is inside the Hawaiian Islands Humpback Whale National Marine
Sanctuary, it offers an opportunity to show actual examples of a marine mammal. About 5000 humpbacks return to
these waters each winter, beginning with early arrivals in December and peaking in February and March. A search in
the calm water area (center box in Fig. 1) found several probable detections discussed in Section V. A further description of this image is found in an earlier paper4 that presented studies on the bottom bathymetry and detection of coral
anomalies.
Organization of This Paper
Section II discusses some of the advantages and disadvantages of satellite imaging versus airborne surveys.
Subsequent sections cover issues associated with detection. Section III develops the signal model. Section IV focuses on detection algorithms, detection signal-to-noise ratios (SNRs), and false alarms. Beginning with a best-case
SNR, it is assumed that detection is quantization noise limited (QNL). This QNL SNR indicates whether further
investigation is worthwhile. It is determined that it is and that ocean clutter as expected greatly diminished detectability. The use of multispectral algorithms to mitigate the clutter and restore detection performance to almost QNL
SNR is discussed. Some of the algorithms for dealing with clutter are covered, as is use of one of these algorithms for
testing on simulated signals injected into IKONOS image data.
All calculations and data in this paper are based on IKONOS, which was the only HR system available during
the time period of this study. Adjustments must be made for the specifications, resolution and radiometric sensitivity
in particular, of other satellite systems. The greater resolution expected in QuickBird 2 and IKONOS 3 should
improve results. Section V presents the first images of marine mammals identified from IKONOS imagery. These
images were made under conditions with almost no clutter and are shown primarily to illustrate how marine mammals would appear in space imagery. Section VI summarizes the results and outlines future research plans, including
plans for experimental validation.
II. SATELLITE IMAGERY VERSUS AERIAL OBSERVATION
There are pros and cons to the use of satellite imagery versus the established technique of aerial observation.
Satellites offer greater speed, lower cost, and easier reach to remote areas. Aerial surveys continue to have a clear
advantage in resolution and are better for applications where small animals and species differentiation are important.
Aerial surveys typically are made from ~300 meters, with two individuals observing through bubble windows
in the belly of the aircraft, and a third individual recording the data. The observers have an instantaneous field of
view of 150 meters. At an aircraft speed of 50 meters per second (m/sec), the survey covers ~30 km2/hour.
The main limitation of satellite coverage is the amount of data that can be stored for later downlink to an earth
station. QuickBird, for example, has 128 Gb of on-board storage and can produce an image strip of up to ~5000 km2
in a single overpass. This is equivalent to 300 hours of airplane flying time, when aircraft overhead is factored in for
transit flight time as well as observation periods lost because of poor weather, poor visibility, sun glint, and the like.
Based on a price of $20/km2, the amount that the U.S. Government recently negotiated for exclusive use of IKONOS
imagery over Afghanistan, the cost of a 5000 km2 capture would be $100,000. The customer incurs this cost only for
relatively cloud-free areas. Space Imaging, for example, guarantees 80% cloud-free images, or the customer can
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decline to accept them. It thus appears that the cost of satellite imagery is roughly the same as that of aircraft surveys.
The economics shift more heavily in favor of satellites in more remote locations.
Satellite imagery can also have a faster turnaround. An aerial survey may require the repositioning of the survey
aircraft and then several months of data collection. A satellite can be tasked within a day. The data collection and
processing of a typical marine mammal survey can be completed in a matter of days or weeks. Clouds, visibility, and
orbital mechanics are the only major factors affecting the time needed to acquire satellite imagery.
The main advantage of aerial observations is resolution. Human vision resolution is 1 arc-minute, or 0.09 meter
from a distance of 300 meters. With such resolution, it is possible to make species classifications. HR satellites will
not match such resolution in the foreseeable future: the best current HR panchromatic resolution is 0.6 meter. But as
shown later, spectral data is needed to discriminate marine mammals from background clutter. With QuickBird 2.4
meters MS, a medium-size marine mammal will be resolved to 6 pixels. Human vision from low-altitude aircraft is
equivalent to 350 pixels, which is a huge difference for classification.
III. SIGNAL MODEL
The detection of targets in imagery depends on the size and radiance of the target, and the characteristics of
sensor noise and scene clutter. The author will model and quantify each of these factors. This section begins with a
model of the target signature.
The target signature is outlined by s0(x), where x = x,y image pixel coordinates, normalized such that the sum
is the target area in pixels. The canonical signal used for all the calculations that follow is an elliptical target of length
L, with a major axis length of 14 meters and minor axis width of 3 meters. These dimensions correspond to a
medium-size marine mammal such as the humpback whale. The signal detectability is linear with the target area.
The area of our canonical target is 33 m2. The SNR, to be derived later, can be adjusted 3 dB per doubling of area to
account for other target sizes. For example, the size of blue whales will increase detections by 4-5 dB.
The radiance at the sensor is modeled as a sum of three components: Lpath = atmosphere path radiance, Lsky =
fresnel surface reflection of skylight, and Lwater = water-leaving radiance, as illustrated in Fig. 2. This model ignores
sun glint by assuming that the sensor is pointed at least 30° from the sun specular angle.
Lwater is the sum of two other terms: Lvol, for radiance from water volume scattering; and Lb, for the radiance of
the target. For a target submerged at a depth z > 0, total radiance at the sensor is then approximately given by
Lsensor = Lpath + τ [Lsky + Lwater] = Lpath + τ [Lsky + e–2 α z Lb + (1 – e–2 α z)Lvol] ,

(1)

where τ is the atmosphere transmission coefficient and α is the water attenuation coefficient. Equation (1) is the
same as the radiance bathymetry relationship used by Bierwirth et al.5 and Jupp,6 except that the submerged reflecting surface is a marine mammal rather than the ocean bottom. All terms except z depend on the wavelength, but the
wavelength dependence is suppressed for notational simplicity.
The Lsky term is eliminated when the target is on the surface. This complicates details of the model in the
following discussion. Because the fraction of the time that an animal is exposed above water is in most cases negligible, it is assumed that the target is always submerged.
Subtracting Lpath and Lsky leads to the following signal scaled in units of radiance
s(x) = s0(x) ⋅ Lvol ⋅ (ξ – 1) ⋅ e–2 α z ,
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Lsky
Lpath

Lwater

Fig. 2 — Model of radiance at sensor. (Source: L.D. Stuffle,
Bathymetry from Hyperspectral Imagery, master’s thesis,
Naval Postgraduate School, December 1996.) FOV stands
for “field of view.”

FOV

where ξ is the target’s spectral reflectivity relative to the ocean volume reflectivity, or Lb/Lvol. The signal amplitude
is the light directly reflected by the target minus the ocean light blocked by the target. When ξ < 1, the target is
blocking more upwelling light than it reflects, producing a net deficit; it appears visually as a shadow. When ξ > 1,
the target is brighter than the ocean. A target with ξ = 0 (no reflectivity) is just as detectable as one with ξ = 2 (twice
as bright as the ocean). One target is simply the negative of the other. The special case where ξ = 1, however,
corresponds to a target with reflectivity that exactly matches that of the ocean, which would not be detectable.
Attenuation, α, is a strong function of optical wavelength. In the open ocean (Case 1, water) the minimum of
0.02 occurs at 480 nanometers (blue [B]), increasing to ~1 in the near-infrared (NIR) band. The signal of a submerged target is expected to be strongest in the B and green (G) bands and negligible in the red (R) and NIR bands.
Spectral Reflectivity
Knowledge of the spectral reflectivity is essential for SNR calculations; ideally, bidirectional reflectivity measurements would be taken over the entire optical spectrum. Unfortunately, to date there appears to have been no need
to collect such detailed reflectivity data on marine mammals. The closest approximate value comes from recent
research on light detection and ranging (LIDAR) detection of large fish. Griffis,7 in his study on tuna detection,
states that “estimates of tuna reflectivity vary from 1% to 13%, depending on what source was consulted.” Ocean
reflectivity is, by comparison, 5% in the G-B band. Griffis’ range indicates that ξ is in the range of 0.2-2.6, therefore
applicable to tuna but possibly not to marine mammals. Considerable variability is expected in reflectivity, depending on the species. Blue whales appear to be much more reflective than fin whales and orca whales.
Lacking precise data, it was decided to make crude reflectivity estimates based on photographs in the National
Marine Mammals Laboratory photo gallery.8 Many of the photographs in this collection are nadir views from aircraft, and thus have a viewing geometry appropriate for satellites. The photographs are not radiometrically calibrated. However, because the focus is mainly in ratios rather than absolute radiometry, this is not a problem. The red,
green, and blue (RGB) values from pixels were used on the animal’s surface for target radiance, the RGB values in
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the darkest water pixels were for ocean radiance, and the ratio of the two were used to estimate ξ in each of the
primary colors, R, G, and B. The photographs do not reveal anything about reflectivity in the NIR spectrum. Figure
3 summarizes the measurements obtained by this procedure for three whale species: humpback, grey, and blue. The
values are averages from several photographs for each species. The reflectivity may be understated in the R band in
photographs where the animal was slightly below the surface, but the G-B values should not be seriously biased. The
range of values found is 1.5 to 5. The following calculations use a constant and conservative value of ξ = 2 in all
bands. It should be noted, however, that SNR calculations are very dependent on the assumed value of ξ.
IV. DETECTION OF SIGNAL IN NOISE
The general form of the detector is a correlation of the signal template, s, with image data, d, producing the
detector field G. The correlation can be performed either on the data in real space or in the Fourier transform of the
signal and data to produce the detector field G:
G(x) = ∫ ∫ s(x) d(x – x’) d x’

(3a)

G(x) = ∫ ∫ S(k)*D(k) e–ik•x dk

(3b)

where S and D are the Fourier transforms of s and d, respectively. For convenience, G is normalized by the standard
deviations in values of SNR. Detection will be defined as local peaks in the G field that exceed some set threshold,
T. The detection threshold is set for one false alarm per N0 independent detector outputs. For normally distributed
detector levels, that threshold is given by
T = 10 log(2 ⋅ ln (N0/ (2π)1/2)) dB.

(4)

This formula is based on an expression for the extreme value of a normal distribution given by Gumbel.9
The analysis that follows uses a threshold corresponding to one false alarm in 100 km2. For the canonical target
(area = 33 m2), N0 = 108/33 and the threshold is 14.5 dB.
Two types of detectors are considered. The first is a whitened matched filter (WMF) described in subsequent
paragraphs that prewhitens the data with the noise power spectrum. This is the classical detector for signals in
colored Gaussian noise. The second is a two-channel PQ detector (PQ), also described below, that 0uses correlation
between spectral bands to subtract clutter. The WMF downweights the clutter noise; the PQ detector tries to remove
some or all of the clutter.
SNR for the Quantization-Noise-Limited Case
Before considering these detectors, however, the derivation of the SNR is what would be expected where detection is limited only by sensor quantization noise. Such cases occur when the ocean radiance Lpath + τ [Lsky + Lvol] is
homogeneous. This ideal condition, which corresponds to a “glassy” sea, is rare in the open sea but closely approximates actual images over protected waters.
The constant value from a large image area is estimated. Subtracting this constant from the sensor radiance
reduces Eq. (1) to τ Lvol (ξ – 1) e–2 α z + sensor noise. The expected SNR is then given simply as

ESNR =

A
⋅ τ ⋅ Lvol ⋅ (ξ − 1) ⋅ e −2 αz / σ noise ,
∆X 2
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Fig. 3 — Animal reflectivity measurements from photographs

where σnoise is the standard deviation of the noise, A is the target area in the image, ∆X2 is the pixel area, and A/∆X2
is thus the number of pixels in the signal. To express the expected SNR in decibels, the author computes 20 log
ESNR.
In the quantization noise limited (QNL) case, the noise values are randomly 0 or ∆L, where ∆L is the sensor
radiance per digital count. The standard noise deviation is σnoise = ∆L / 2 . For the IKONOS B band, the parameter
values are ∆X = 4 m, τ = 0.63, Lvol = 3.1 mW/m2 sr µm, and ∆L = 0.2 mW/m2 sr µm. With target parameters A = 33
m2, ξ = 2, and z = 10 meters, the QNL ESNR = 22.5 dB and decreases 3.5 dB for each additional 10 meters of depth.
A target with such a large SNR is, of course, very easy to detect. The aim is to see how closely QNL can be approached with real ocean clutter.
Ocean Clutter
The main difference between the ideal case and real data is that in reality the sky reflection term is modulated by
ocean surface waves and whitecaps. This is illustrated by the ocean surface in Fig. 4(a), which is an enlargement of
the image in box 2 in Fig. 1. Although the precise ocean conditions were unknown when this image was taken, the
size and number of whitecaps (some as large as 10-15 meters) suggest high winds and a very aggressive sea. The
detection of marine mammals in such clutter should be very challenging, even from a low-altitude aircraft.
Figure 4(b) shows the corresponding wave-number power spectrum. Superimposed on the spectrum is an ellipse that outlines the half-power support space of the matched filter. In Fig. 4(a), the ellipse is oriented for a target
in an east-west direction and would be rotated about the center for other target orientations. This is a powerful way
to visualize how the clutter will affect signal detection. In this case, the clutter appears to be a classical open ocean
directional wave spectrum with a peak at about 0.01 c/m (corresponding to 100-meter waves). The spectral peak is
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Fig. 4 — A chip from the Maui image (Fig. 1) containing wind waves (L)
and the wave-number power spectrum of the image (R)

36 dB above the QNL. Clearly, a significant fraction of the signal space overlaps this very strong clutter. The overlap
is greatest when the signal aligns parallel to the wave crests, but any target orientation will be significantly affected.
Whitened Matched Filter
The textbook detector for colored noise such as shown in Fig. 4 is the “twice whitened” matched filter. The d in
Eq. (3) is replaced by
D(k) ← D(k) / N(k),

(6)

where N(k) = 〈 | D(k) |2 〉 is the noise power spectrum.
The detection SNR can be obtained, as shown by Urkowitz10 with either the peak (under H1) or variance (under
H0) of the detector output, or by simply integrating the SNR over all wave numbers:
ESNR = E[G | H1] = var[G | H0] = ∫ |S(k)|2 / N(k) dk .

(7)

This equation shows that there are three ways of calculating SNR for the WMF that give identical results. The SNRs
for simulated targets are reported in the following subsection.
Clutter Mitigation
The WMF essentially filters out wave numbers with strong clutter but it also filters out the signal energy in those
wave numbers. Detections are expected to improve if some or all clutter is first removed.
Various techniques for clutter removal have been developed in previous research on the use of multispectral
imagery to find submarines and underwater mines. All of these techniques exploit the fact that the color spectrum of
the clutter is different from that of the signal.
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The following references describe some specific algorithms as well as suggest references to others. A research
group at the Space and Naval Warfare Systems Center (SPAWAR-SSC, San Diego, CA) developed a “dot product
cosine of the water and whale spectra” method and actually tried it on imagery with marine mammals.11 The basic
processing steps are: demeaning the data with an average water spectrum; forming a dot product of the data with the
mean water spectrum; and comparing the resulting cosines (or arc cosines) in each pixel location with a statistical
distribution of the background. A similar technique was developed at SRI International for the detection of submerged mines.12,13 The main difference between the SPAWAR and SRI approaches are that the first models the
ocean as one homogeneous spectrum and the second models the ocean as a variable weighted sum of two spectra
(surface and upwelling components). Other methods are multichannel whitening14 and a variation of multichannel
whitening for non-Gaussian data.15,16 The latter method, called the PQ detector, was first used by SRI in a bioluminescence detection program (Chief of Naval Operations [CNO] funded, 1988-1993). The algorithm was judged to be
the best of three methods in an independent “algorithm bake-off” conducted by the Applied Physics Laboratory of
The Johns Hopkins University (APL/JHU). This algorithm is used to demonstrate clutter subtraction for marine
mammal detection.
The PQ detector works with two input data channels. One channel (call it P) contains signal and noise, and
another color channel (Q) contains only noise. This approach is valuable for our application because water attenuation creates a natural dichotomy of the visible spectrum into a spectral range with a strong signal (B + G) and a range
with virtually no signal (R + NIR). Because almost all the clutter originates from the ocean surface and thus is
present in all bands, the assumptions in the PQ detector are fulfilled.
In general, P = B + G, Q = R + NIR is used. Slight improvements can be made by taking signal spectra and water
type into consideration. For example, a very deep blue whale in Case 1 water would be better detected with the
combination P = B, Q = R + NIR. The G band is not used because it will introduce more noise than signal.
The PQ detector uses the following operator to combine the two input channels:
d ← –∇s ln [ f (P,Q) | s0]

(8)

where f (P,Q) is a model of the joint density function of P and Q under the hypothesis that a signal s0 is present, and
–∇s is the gradient regarding the model signal.
It can be easily seen that Eq. (8) reduces to P – αQ (α is a constant) under the conditions that the joint density is
bivariate Gaussian and the signal is present only in the P channel. This is the well-known “color subtraction” or “blue
minus red” method. Ocean clutter, however, is not always Gaussian enough to use the P – αQ approximation.
Equation (7) is more robust at handling non-Gaussian data.
Simulated Detections
A flowchart of the algorithm used for simulation processing is presented in Fig. 5. An example of the detection
output is shown in Fig. 6. The top two panels in Fig. 6 are the P and Q images. A high degree of correlation between
them is readily apparent. The P channel has three targets injected in the center (scaled for a target depth of 10 meters)
that are difficult to see at this stage because of the much more intense clutter. The bottom two panels of Fig. 6
compare the output of the WMF and PQ detectors. The SNRs of false alarms from the WMF detector were much
higher than the SNRs of injected targets. By comparing the WMF output to the P channel, it is shown that the false
alarms correspond to bright regions of the images and are probably caused by whitecaps.
In the output of the PQ detector, indicated in the lower right panel of Fig. 6, there is no difficulty in detecting
the three targets. Clearly, the PQ detector is far more effective than the WMF. To quantify the difference, four
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Matched
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threshold
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Fig. 5 — Flowchart of the PQ algorithm

Fig. 6 — Example of PQ processing on simulated targets. Upper Left: P channel;
Upper Right: Q channel; Lower Left: WMF detector output; Lower Right: PQ detector output.

simulations were run with targets injected in a variety of locations and orientations but with the depth constant at 10
meters. The average results were as follows.
The WMF detector’s target SNR was 13 dB in Eqs. (6) and (7) and its highest false alarm was 26 dB. The PQ
detector’s target SNR was 21 dB in Eq. (8) and its highest false alarm was 13 dB.
Thus, the PQ process improved the average target SNR by 8 dB and reduced the highest false alarm by 9 dB, for
a net improvement of 17 dB over the WMF. The PQ target also comes within 1.5 dB of the QNL prediction of 22.5
dB, which means that clutter subtraction removed virtually all the noise.

UNCLASSIFIED

UNCLASSIFIED
RON ABILEAH

720

Another 19 simulations were made with various depths, target locations, and target orientations to produce the
SNR-depth relationship shown in Fig. 7. By using the theoretical detector threshold, 14.5 dB, it is possible to make
detections at up to a depth of 25 meters.
That detection threshold, however, assumes a perfectly Gaussian false alarm distribution in the detector output.
The real distribution of false alarms must be determined from data. Figure 8 shows the false alarm rate (FAR) in this
test case. The FAR is normalized to the number of false alarms in 100 km2. Because the processed data area is only
0.066 km2, the threshold is found by extrapolating the observed distribution. The extrapolated threshold is 17 dB, or
2.5 dB higher than predicted by theory. At this threshold, targets can be targeted up to a depth of 20 meters.
V. FIRST IMAGES OF MARINE MAMMALS
Two IKONOS images were studied to find examples of marine mammals. Both images came from image archives; they cannot be used to validate the model results because there is no ground truth to go with the image data.
The main reason for using these “targets of opportunity” is to illustrate how marine mammals look in imagery from
space.
The first IKONOS image shows part of the San Diego, CA, SeaWorld theme park. SeaWorld has two large
amphitheaters used for dolphin and orca shows. The animals are confined to a series of interconnecting pools adjacent to each amphitheater, which makes studying the detection of these animals easier than searching open waters.
Of course, the SeaWorld pool is not representative of real ocean environment and the example is presented only to
give the reader an appreciation of HR space imagery on a familiar scene. Figure 9 compares views of the Shamu
amphitheater taken from IKONOS and from the SeaWorld Sky Tower, which is adjacent to and offers a close-in
overhead view of the pool. The interpretation of the IKONOS images is made somewhat difficult by the presence of
shadows and rocks on the bottoms of some pools. However, at least one animal detection is certain, the dark patch in
the right holding pool, as indicated by an arrow. This detection was confirmed on a personal visit to SeaWorld where
it was verified that there was no other explanation for the dark patch. This is also apparent from the picture taken
from the Sky Tower. The picture was taken when a whale was at almost exactly the same spot as that of the IKONOS
detection.
Adult orcas are 6.5-8 meters in length. The footprint of the target in the IKONOS image may be slightly larger
because of a shadow projected on the pool bottom. At 4-meter resolution, it is impossible to separate the direct
signature from the shadow.
The IKONOS Maui image from January 25, 2000, provided another opportunity to search for marine mammals.
A search of the image area (box 3 in Fig. 1) produced many targets. Many of these were immediately recognizable as
pleasure craft but a handful of faint and smaller objects are probably various marine mammals. Two examples are
shown in Fig. 10. The example on the left, labeled “1,” shows two objects that are 13 meters and 5 meters in length,
which probably are a female humpback whale and her calf. On the right are another female calf pair (labeled “2”)
and another object (“3”) that is definitely a pleasure craft. This is known because panchromatic resolution is sufficient to match this object exactly with a similar object in the marina (Fig. 1). Also, the object is much brighter than
the other targets.
VI. SUMMARY AND CONCLUSIONS
This paper presents a model and simulations for the detection of marine mammals in HR satellite imagery.
Calculations show that an average-size whale (14-meters long) can be detected 20 meters below the surface.
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Fig. 9 — Shamu amphitheater, SeaWorld, San Diego; Left: IKONOS image; Right: similar view from Sky Tower

Detections can even be made in strong wind waves and whitecap clutter. Most of the clutter can be removed with
algorithms that exploit multispectral image data.
A key assumption underlying this result is knowledge of the spectral reflectivity of marine mammals. Good
scientific measurements of spectral reflectivity are not currently available. As a temporary solution, intensity measurement was used in a library of aerial pictures to arrive at crude estimates. More accurate radiometric measurement
should be made using standard radiometric measurement techniques. This could most easily be achieved on animals
in captivity. If animals at-sea are used, it is preferable to image the animals on the ocean surface to eliminate uncertainties related to depth. Alternatively, a Lambertian reflector may be attached on an animal to provide radiometric
reference point for 100% reflectivity from depth. The radiometry would also be corrected for ocean surface and
upwelling radiance.
Initial calculations suggest that space imagery has a valuable potential for detecting and counting marine mammals. But further experiments are needed to fully validate these results. Ideally, there would be an experiment
collecting satellite imagery simultaneously with an aerial survey of marine mammals over the same area. There is
little chance that a specific aerial sighting can be correlated with a specific satellite detection because it is unlikely
that the two systems would be looking at exactly the same spot simultaneously. However, the counts and geographical extents of animal populations determined independently by aerial surveys and satellite imagery can be compared
statistically.
There is room for some improvement in the processing of such data. The simulation results showed that detections are 1.5 dB short of the QNL and that the extrapolated false alarm threshold was 2.5 dB higher than was
predicted from theory. A possible cause of these discrepancies is errors or approximations at one or more points in
the data processing stream. A combined 4 dB of improvement might be gained from finding and fixing the deficiencies.
But a much more significant improvement can be achieved by lowering the sensor quantization level, DL. The
current HR systems were designed primarily for overland imagery, and the 11-bit radiometric intensity range is fixed
for bright terrestrial subjects. Over-water scenes have much less light and consequently use only a small fraction of
the data dynamic range, and most of that is atmosphere path radiance, not the ocean or subjects in the ocean. There
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Fig. 10 — Suspected marine mammals in the Maui image (Fig. 1)

is enough headroom in the 11-bit dynamic range to increase exposure time at least 6 times without saturating ocean
scenes. This increased exposure time translates into a 15.5 dB improvement in QNL. Thus far, only the ImageSat
EROS satellites are being designed with this capability. This approach is recommend for all future satellite systems.
Higher resolution imagery will also improve detection; the calculations in this paper were for IKONOS 4-meter
resolution. QuickBird 2 with 2.6-meter resolution would be a further improvement.
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