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Automated Detection of Whale Signatures in PAN and MSI Imagery Using Feature
Vectors Combined With Neural Net Algorithms

1.0 Summary

In this paper we present an automated detection algorithm for whale signatures in optical satellite
remote sensing imagery that is an attempt to design an approach that will perform better on
smaller test data sets than the traditional deep learning CNN approaches. The detection
algorithm combines a feature vector with either an optimal linear combination of feature
elements or a neural net to decide whether the feature vector comes from a whale signature or
not. The feature vector used in this study is a combination of normalized statistics, statistics
designed to determine if the image values within some target box are statistically different than
those in the local background, and a set of metrics designed to measure image properties unique
to whale signatures in panchromatic imagery. A test set was extracted from image data spanning
WorldView-2, WorldView-3, GeoEye-1, Quickbird-2, and Pleiades imagery using a combination
of manually extracted whale signatures by Drs. Hannah Cubaynes and Peter Fretwell of the
British Antarctic Survey and signatures extracted using an anomaly filter developed in this study.
From these a total of 730 whale signatures and 9300 background signatures were extracted to
provide training/testing data.

To develop the algorithms an optimal linear combination algorithm was developed based on
linear discriminant theory, and a neural net was designed to be used with the training data. Both
of these were then run on the dataset using 10 trials that randomly divided the data into training
and testing data. Two metrics were used to determine performance of the algorithms: a plot of
probability of detection (PD) versus probability of false alarm (PFA) that is normally referred to
as a Receiver Operating Characteristic Curve (ROCC), and the expected number of false alarms
generated over a region the size of a WorldView image tile (NFA/Tile). The two algorithms
were run on various combinations of image types and normalization approaches. In addition, the
detection algorithms were run on full imagery to compare with the training/testing set results.

Finally we compared using the feature vectors with using the image values directly into a neural
net, the latter meant to simulate a simple CNN, in order to determine if there was any
improvement in performance using feature vectors instead of image values when the training set
size is small (as is the case here).

Conclusions from this study are:

- Using a feature vector approach performed better than using image values directly into
either the optimal linear combination or neural net algorithms, giving an indication that
for small training sets a feature-based approach will provide improved performance over
standard CNN approaches;

- Our results were either better or equivalent to published results that used significantly
larger training sets and significantly more complex CNN neural nets, again giving an
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indication that for small training sets a feature-based approach can provide improved or
equivalent performance over traditional CNN approaches.

Using a neural net to determine which class a feature vector belongs to performed better
than using an optimal linear combination, and both ran in about the same time on an
image;

Using multi-spectral imagery gave better performance than using panchromatic imagery,
even with the additional image metrics applied to the higher resolution Pan imagery;

Using WorldView 8-band multi-spectral imagery the proposed algorithm generates a
probability of detection of ~ 97% at a probability of false alarm of ~1% with 10-100 false
alarms within a WorldView tile. Using 4-band multi-spectral imagery from all sensors,
the proposed algorithm generates a probability of detection of ~ 94% with a probability
of false alarm of ~ 1% with ~200 false alarms per WorldView tile.

The detection algorithm takes from 500 to 1000 seconds to run on a WorldView Tile.
For a standard WorldView collection that might contain 30 tiles, the time to process the
entire collection would be 4-8 hours.

WorldView 8-band multi-spectral Ortho-rectified imagery provides the best performance,
most probably due to the Dynamic Radiometric Adjustment that is applied to the image
to enhance contrast.

Details that support these conclusions now follow. A summary of ROCC and NFA/Tile results
over a range of image types and algorithms analyzed in this study is shown in Figure S1. The
results fall into four main groups:

Using WorldView multi-spectral imagery (MSI) Ortho-rectified or Basic with the neural
net algorithm are the best, top, results with NFA/Tile=12/101 and a PD~97% for PFA of
1% (0.01). Performance that is well within operational capability, and they stand out
from the rest of the image combinations.

The next group consists of (a) all MSI images using 4 bands with the neural net
algorithm; (b) WorldView Ortho panchromatic (PAN) imagery with the neural net
algorithm; and (c) Worldview Ortho-rectified MSI with the optimal linear algorithms.
These all generate NFA/Tile ~ 190 (from 179 to 206) with a PD~94% for PFA=1%.
These false alarms could be easily reviewed by a user in an operational setting so we are
still within operational utility.

The next group consists of (a) WorldView Orth-rectifiedo PAN imagery with the optimal
linear algorithms; (b) WorldView Basic PAN with neural net; and (c) All PAN imagery
with the neural net algorithm. NFA/Tile ~ 600 (from 511 to 747) with a PD~90% for
PFA=1%. Note that for this group the NFA/Tile is starting to get too high for a user to
easily review in an operational setting, and a PD of 90% may be too low.



- The final group consists of all optimal linear algorithms using (a) all PAN imagery; (b)
WorldView PAN Basic; (c) all MSI imagery; and (d) WorldView Basic MSI. The
NFA/Tile ~ 1400 (from 1082 to 1827 with the excepthon of WorldView Basic MSI that
fluctuates wildly) and with a PD~86% for PFA=1%. Note that for this group the
NFA/Tile is more than we would want a user to have to review in an operational setting.

Clearly we want to stay within the first two groups, which means that we want to use either : (a)
only WorldView MSI imagery (Ortho or Basic) or PAN Ortho with the neural net algorithm; or
(b) use any available satellite sensor system, in which case we want to use MSI with the neural
net algorithm. These results also show that neural net is better than optimal linear (4/5 of the top
two groups are neural net and all of the last group are optimal linear) and panchromatic is better

than multi-spectral (4/5 of the top two groups are MSI and 5/7 of the bottom two groups are
PAN).
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Figure S1: Summary of the ROCCs for the various combinations. For all the MSI results in this
plot, no normalization was used. For all the Pan results, they were normalized by the mean
within the target box. The notations around the plot show what images/algorithms each ROCC

corresponds to (as does the legend) along with a red number that is the average NFA/Tile for a
PD=90%.
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Figure S2: Same results as in Figure S1 (but drawn with thinner lines and smaller symbols) with
the results from running the detection algorithm on full imagery added. Purple diamonds are
full image results using the optimal linear algorithm. Blue diamonds are full image results using
the neural net regression algorithm. The image results come from four images: Valdes 2012,
Valdes 2014, Valdes 2016, and Witsand 2009 and were run over the tiles which contained the

manually-derived whale signatures.

To check these results, Figure S2 shows the same data, but with the results from running the
detection algorithms on Pan images from four image cases. All but one of the images generated
PD ~93% for PFA in the range from 0.005 to 0.02 which spans the regions of group 2 and group
3 as discussed above. Note that these groups span the test set results for WorldView Ortho Pan
images, either with neural net or optimal linear algorithms, and all Pan images with neural net
algorithm, so the image results appear consistent with the test set results. The remaining image
generated PD~ 90% for this same range using the optimal linear algorithm and is consistent with
the lower portion of group 3; so again consistent but at the lower end. Thus the full image PAN
results appear consistent with the PAN test set results. To date we have only looked at PAN
images; future work will apply the algorithms to full MSI Ortho images to see if we can generate
results consistent with the better Mul_WWVO_NN curve in figures S1 and S2.



The training set in this study was derived from manual analysis without any in situ ground truth,
so there is probably a subset of our “whale” image chips that are in fact not whales but small
boats or judiciously placed breaking waves. This means that our reported PFA values are
probably too low since we have put actual false alarms into the “whales” category. However
without any ground truth it is difficult to determine how far off our PFA values may be.

The results shown here are specific to our test set, the set of features we used in the feature
vector, and the specific parameters for the neural net. In future work we will determine if a more
complex neural net will significantly improve performance, and we will continue to search for
better features to use for whale signature detection. As mentioned above we also will apply the
detection algorithms to full MSI Ortho images to determine if we can get image results
consistent with the test set ROCCs.



2.0 Introduction

There has been a large body of work recently examining the capability of high-resolution
satellite imagery as a tool for marine mammal monitoring and counting; including penguins
(Barbra-Meyers et al., 2007; Fretwell and Trathan, 2009; Fretwell et al., 2012), seals (LaFue et
al., 2011; McMahon et al., 2014), polar bears (Stapleton et al., 2014) and whales (Abileah, 2001;
Abileah, 2002; Fretwell et al., 2014; Cubaynes et al., 2019; Borowicz et al., 2019; Guirado et al.,
2019, Fretwell et al., 2019; Cubaynes et al., 2020; Clarke et al., 2021). The focus of this report is
on whale signatures, and specifically to analyze the current operational feasibility of using
satellite remote sensing to monitor whale activity when we have only a small number of whale
signatures to use for any supervised classification algorithm.

Previous work has demonstrated that whales that are on or near the surface can be visually
detected in high resolution (less than ~50cm) satellite imagery (Fretwell et al. 2014; Cubaynes et
al. 2019; Fretwell et al., 2019; Clarke et al., 2021) and can often be separated from the
surrounding water based on their spectral signature in Multiple-Spectral Imagery (MSI)
(Abileah, 2001; Abileah, 2002; Fretwell et al., 2014; Cubanynes et al., 2019). Due to the large
areas that have to be searched it has been recognized that for operational feasibility we need
automated algorithms for whale signature detection, and results for automated approaches have
been shown using standard supervised and unsupervised algorithms based on spectral signatures
(Fretwell et al., 2014) and using convolutional neural nets (CNN) applied to the MSI (Borowicz
et al., 2019; Guirado et al., 2019). (Fretwell et al., 2014) showed results from satellite imagery
with a resolution of 50 cm or better. Both (Borowicz et al., 2019) and (Guirado et al., 2019) used
a combination of aerial and satellite imagery (mainly aerial) to get to large enough training sets
to robustly train their CNN, then (Borowicz et al., 2019) did testing only on 31cm resolution
satellite images whereas (Guirado et al., 2019) did testing on both aerial and satellite images.
The CNN in both publications used a large number of layers, and the standard approach of
training all but the last layers using huge databases of images that are on the web (and do not
contain whales), then re-training the last layers using their whale images. In both publications,
the total number of whale signatures from aerial images was around 700, with a few tens of
whale signatures from satellite images.

Most of the references above note that there is a lack of satellite imagery whale signature
examples compared to non-whale examples, and that this is particularly a problem for deep
learning (particularly CNN) approaches since they often required training sets on the order of
100,000s to millions of examples or more. One way too address this issue is to look at the
feasibility of using automated algorithms for satellite whale signature detection that generally do
not require large training sets; in this paper we specifically look at feature-vector based
algorithms. However in some sense we have just kicked the problem down the road slightly;
CNNs require large training sets, but once you have the training set the CNN are automatically
generated and have been shown to work extremely well on many applications. For feature-
vector based algorithms, we do not need the large training sets, but we have to come up with
“good” set of features designed for this specific applications, otherwise they will not work well.
So we are trading numbers of examples for designing good features. In addition, we do not get
completely out of the need for whale signature examples; the algorithms discussed below still



require training on known signatures. However the results in this paper indicate that feature-
vector approaches can provide improved performance with much smaller training set sizes.

This paper will report on automated detection results from two types of algorithms that use
feature vectors to differentiate between whale and non-whale signatures: (1) an algorithm that
applies an optimal linear combination of feature vector entries; and (2) and an algorithm that
uses a neural net to determine which class a feature vector came from. We will determine
performance of the algorithms using two metrics: (1) a plot of the probability of a false alarm
(PFA) versus the probability of detection (PD) which is referred to as a Receiver Operating
Characteristic Curve (ROCC); and (2) the total number of false alarms per image for some set
PD value, where we will define an image as one tile from the WorldView sensor system (one tile
is usually what is viewed as an “image” from the collected data using the WorldView sensor).
To calculate the number of false alarms per tile (NFA/Tile) we first calculate how many
applications of the detector would be used within a tile, then multiple this by the PFA for the
given PD from the ROCC. For the results in this paper we calculate NFA/Tile for a PD=90%.
For comparison, we will also look at performance of these two algorithms when the feature
vector is just the image values themselves. This will give us a sense of any advantage that using
features instead of image values may bring for small numbers of training data.

To allow us to compare to previous results we derive values of PD and PFA from the references
above. (Fretwell et al., 2014) showed that the best performance was achieved by simply
thresholding the spectral data; he reports a probability of detection (PD) of 85% and a probability
of false alarm (PFA) of 24% compared to a manual interpretation of the imagery (see Table 1 in
the article). For CNNs however, results are usually reported in slightly different terms than PD
and PFA so we have made a conversion from both publications as follows. From (Borowicz et
al., 2019) we used the confusion matrix results in Figure 4 from that paper that showed results
using a total of 32 whale signatures and 1390 non-whale signatures. From these, the CNN
detected all 32 of the whale signatures as whales and 87 of the non-whale signatures as whales.
Due to the small number of whale signatures in these results, we estimated the PD as being in the
range of 97%-100% (the lower bound coming from the fact that the next lower PD possible is
31/32 = 96.9% and the data set is not large enough to determine where we are within that range)
and the PFA as being 87/1390 = 6.3%. For (Guirado et al., 2019) they report PFA directly as
being from 1% - 2.25% (see the Results section, “Whales presence detection model (Step-1)
validation” paragraph) and they report that 62 whale signatures were reported as whale
signatures out of a total of 84 signatures that were manually extracted from the imagery (see
Results section, “Whale counting (step-2) model validation” paragraph) which gives a PD in the
range of 73%-74%.

This report is divided as follows. Section 3 discusses the data set that we will use and how it was
generated. Section 4 shows what features we selected for this analysis to use in the feature
vector. Section 5 derives the optimal linear combination of features that we will use as one of
the algorithms. Section 6 describes the neural net that we used for the other algorithm. Section 7
shows the results of applying the two algorithms to the data set and provides conclusions as to
the performance of the approaches. Finally, Section 8 presents a summary and conclusions.



3. Satellite Imagery Data Set.
The satellite imagery used in this analysis were the following images:

- Auckland 2006 — this is a QuickBird-2 image collected 12 August 2006 and had 4
spectral bands (B,G,R,NIR) and a panchromatic band. Resolution is 2.6 meters for MSI
and 0.66 meters for PAN;

- Witsand 2009 — this is a GeoEye-1 image collected 09 August 2009 and had 4 spectral
bands (B,G,R,NIR) and a panchromatic band. Resolution is 1.7 meters for MSI and 0.43
meters for Pan;

- Auckland 2011 — this was a WorldView-2 image collected 27 August 2011 and had 8
spectral bands (C,B,G,Y,R,Re,NIR,NIR2) and a panchromatic band. Resolution is 1.9
meters for MSI and 0.47 meters for PAN;

- Valdes 2012 — this is a a WorldView-2 image collected 19 September 2012 and had 8
spectral bands (C,B,G,Y,R,Re,NIR,NIR2) and a panchromatic band. Resolution is 2.1
meters for MSI and 0.52 meters for PAN;

- Valdes 2014 — this is a a WorldView-3 image collected 16 October 2014 and had 8
spectral bands (C,B,G,Y,R,Re,NIR,NIR2) and a panchromatic band. Resolution is 1.4
meters for MSI and 0.36 meters for PAN;

- Valdes 2016 — this is a a WorldView-2 image collected 23 September 2016 and had 8
spectral bands (C,B,G,Y,R,Re,NIR,NIR2) and a panchromatic band. Resolution is 2.2
meters for MSI and 0.54 meters for PAN;

- Cape Code 2021 — this is a Pleiades image collected 11 March 2021 and has 4 spectral
bands (B,G,R,NIR) and no panchromatic channel. Resolution is 0.73 meters for MSI

The name of the image is the location where it was collected, the date is the date of collection,
and the bands correspond to C=Coastal Band, B=Blue, G=green, Y=yellow, R=red, RE=red edge
NIR= near-IR, NIR2= the second NIR band on WorldView. There are a number of imagery
products that can be downloaded from the DigitialGlobe Archive for these images. For the
WorldView images one can get Ortho-rectified data, Basic data, or special products (such as pan-
sharpened spectral images). For the GeoEye and QuickBird data there are no Ortho-rectified
data available; just Basic and pan-sharpened. For WorldView data, the Ortho data is in what is
call Dynamic Radiometric Adjustment (DRA) modes which means that there is an unknown (at
least to us) modification to the spectral values performed on each image, which changes from
image to image and spatially throughout one image, that is meant to improve the contrast of the
imagery. We downloaded the Ortho MSI, Basic MSI, and Pan images (except for the Pleiades
image) for each of the data collections above.

Drs. Hannah Cubaynes and Peter Fretwell performed a manual analysis of all of the images
above, except for Cape Code 2021, and visually extracted image chips of what they determined
were possible whale signatures (a subset of this analysis can be found in (Cubaynes et al.,
2019)). This set is the bulk of the labeled image chips that were used in this analysis. However
we also needed some method of searching very large images for possible whale signatures,
particularly for the Cape Cod 2021 Pleiades image, but also to see if other signatures were
present in the other images. To do this we developed an anomaly filter that would find all the
image chips that were statistically different than the local background around the chip and



present them to a user for review. The user would then manually save those that visually were
whale signatures.

The anomaly filter moves a small window through the image, and locates image chips which are
statistically different then the local background. We set up a series of nested windows as shown
in Figure 1, where the inner window is called the target box and will be the image chip that we
are testing for whether it contains a target signature. We will calculate statistics within this
window to test if they are different than the local background statistics. There is a guard ring
around the signal window that allows us to have a target signature bleed out of the signal
window but not affect the background statistics. Then there is a background ring that surrounds
the guard ring; this is the region where we calculate the local background statistics. Our
underlying assumption will be that we have only one target within the set of nested windows.

Figure 1: Schematic showing the placement of the nested windows being used to calculate local statistics
for the anomaly filter.



This set of nested windows is moved through the image, jumping by some number of
lines/columns each time. Because of this discrete jumping it is possible that the target signature
may go across target signature boxes, and thus not provide the best statistics for characterizing
the target. So for each placement of the nested boxes, we calculate the location of the brightest
pixel in the guard box and shift everything so that the brightest pixel is in the middle of the target
box. For multi-spectral data, we calculate the brightest pixel by first scaling the red, blue, and
green channels separately to set their minimum value to 0 and their maximum to 1, then sum the
three scaled images and find the maximum value. This is an attempt to locate the brightest pixel
that would be visible to the eye in a colored image. We are assuming that if there is a target
signature within the guard box then the brightest pixel will be near to the middle of the signature
Note that this means that there may be portions of the image that never get covered by a target
box; we are only examining one target box location within any given guard box. This should not
cause issues however if our assumption of one target per nested windows is correct.

Ideally, the target box should be set to the expected size of the target signature we are trying to
find. Then the background ring should be set to the largest size possible and still not contain
another target signature; i.e. the background ring size is set by the expected distance between
target signatures in the image.

For each placement of the nested boxes, we want to determine if the pixels within the target box
are statistically different than the pixels in the background ring. We will assume that the image
pixel values are independent, identically distributed, Gaussian random variables. For any given
placement of the nested boxes, we will assume that the mean and standard deviation from the
background ring represent the “true” mean and standard deviation of the background Gaussian
random variable. The question then becomes do the pixels in the target box have the same
Gaussian distribution. We will estimate the mean and variance of each region using the well
known, unbiased, estimates of the mean and variance:

1 N
A= Nz X, (1)
i=1

1 N
o= 121(&- - (@)

where N is the number of pixels in the region where we are calculating the statistics and X; are
the individual image pixel values which we are assuming are independent samples of a Gaussian
distributed random variable. If the underlying random variables have mean m and variance o2,
then it is well known that

E[m] =m, E[#]l=0> (3)

and
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var[m] = N var[D] = N1

(4)

and that 7 is a a Gaussian distributed random variable. It is also well known that the normalized
variable (N-1)9/c? is chi-squared distributed with N-1 degrees of freedom, or equivalently is
Gamma distributed with scale parameters = 2 and shape parameter = (N-1)/2 (which has a mean
= (N-1) and a variance = 2*(N-1)). If we let mt and vt be the mean and variance estimated from
the target box, respectively, and msg, vs be the mean and variance from the background ring
(generated using Egs. (1) and (2)), then we can define the following metrics.

|mr — mg|
meanmet = ————>- (5)
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where Nt is the number of pixels in the target box. If mg and vs were the “true” background
statistics, then if the target box had the same statistics as the background box meanmet (without
the absolute values) should be a zero-mean, unit variance Gaussian random variable and varmet
would be a Gamma-distributed random variable with mean = (Nt-1) and variance = 2*(Nt-1).
However mg and vg are themselves random variables of course, so the actual distribution of
meanmet and varmet is more complicated.

The other statistics that we want to use are the minimum and maximum values within the target
box. This is driven by the fact that whale signatures often contain significantly brighter (or
darker) values than the background. We can formally do this as follows. We are testing whether
the target pixel values are Gaussian distributed with mean mg and variance ve. We can calculate
the largest expected value within the target box by using the cumulative distribution function,
F(T), defined as F(T) = Prob{X<T} where Prob{} is the probability of what is inside the
brackets. If we find the threshold, Tmax, such that F(Tmax)=1-1/(2NT) the expected number of
samples within the target window that have values > Tmax will be 0.5. In other words, we would
not expect to see any samples greater than Tmax. Similarly we can define a Tmin such that
F(Tmin)=1/(2NT) and then we do not expect to see an samples less than Tymin. Our metric will
then be a count of the number of pixels within the target box that are either greater than Tmax or
less than Tmin. To calculate these thresholds we actually need the inverse of the Gaussian
cumulative density function, F1(p)=T; i.e. for a given p we need to find T such that F(T)=p.
There is a good rational approximation to the inverse of the zero-mean, unit-variance Gaussian
inverse CDF as

01193
F~1(p) = —5.5310 {(1 p) - 1} ifp>05 (7)

0.1193
F~(p) = +5.5310 {( - 1} ifp<05 (8)

1-p
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so that
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The metrics then become:
Maxmet = Number of pixels within the target box > Tmax
Minmet = Number of pixels within the target box < Tmin

So far we have discussed generating metrics for a single image. For the multi-spectral data we
have multiple images, or bands, in each collection. There are a number of ways that we can deal
with this. One would be to apply these metrics to each band, and then take the maximum metric
across all the bands; i.e. declare that a target box is statistically different if a metric in any band
passes the threshold. We could also average the metrics across bands. But usually it is the red,
green, and blue bands that are visually used to find whale signatures, and when this is done the
resulting images are not often colored — meaning that the red, green, and blue bands all have
about the same value. So a more efficient approach is to form one image as the sum of the red,
green, and blue bands for each multi-spectral image, and apply these metric to the summed
image. This latter method has been used for the results in this paper.

We now need to define thresholds for the four metrics, meanmet, varmet, maxmet, and minmet,
such that if they exceed the threshold then the target box is statistically different than the
background ring. It is important to note that this anomaly filter is not meant to be a detector.
Rather, it is meant to be a method to significantly downsize the number of chips that a user has to
review in order to find the whale signatures within an image. Thus the thresholds need to be set
such that the user does not have too many image chips to review; we generally found that we
needed to limit the number of chips to around 8000 in order to allow a user to perform a review
in 10-15 minutes. Thus we built the filter to have two passes. The first pass uses the image data
to calculate a list of metric threshold and the resulting number of image chips that would pass the
thresholds. The second pass is then done with the set of thresholds that generate around 8000
image chips. This will be useful only if the whale signatures make it through the second pass.
To test that, we ran the anomaly filter on the Valdes 2012, Valdes 2014, and Witsand 2009
images over the regions where whale signatures were manually extracted. The anomaly filter
found 226 of the 228 Pan signatures that had been manually extracted; so it only missed 2
signatures. It also found an additional 27 signatures within these images that visually appeared
to be possible whale signatures but were not found with the manually analysis. It also found 130
of the 132 MSI signatures that were manually extracted, and found the same set of 27 new
signatures. Thus it appeared that this approach was useful to allow a user to efficiently search
for whale signatures in large images. Finally, we applied the filter to the Cape Cod 2021
Pleiades image and found an additional 54 MSI signatures.
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The final set of whale signatures comprised of the manually extracted image chips plus the new
ones found with the anomaly filter. We noted above that we had both Ortho and Basic
WorldView images. The Basic images are rotated and scaled versions of the Ortho images, so to
increase the test set size we also included image chips from both the Basic and Ortho images for
the WorldView sensors. All of these together generated 730 whale chips across all the images.
For reference, Appendix A shows the whale signature chips within the test set for both the Pan
and MSI images; for the WorldView images only the Ortho results are shown.

We had no ground truth for any of this data; all the whale chips were extracted using visual
analysis of the imagery. This means that a subset of the whale chips are probably not actually
whales; they could be small boats or judiciously arranged breaking waves. The false alarms rates
presented here are therefore potentially too low in that we are possibly including what should be
a false alarms (small boat or breaking wave) as a whale signature detection by including it in the
set of whale signatures.

Finally, we visually extracted background image chips from all of the images in regions that
were far from where whale signatures were extracted and that covered the range of different
types of background ocean responses that we could see within the images. This generated 9300
background chips across all of the images.

4. Feature Vector Values

As mentioned above, applying a feature vector based detection algorithm is only as good as the
features being used; so we anticipate that we could improve detection performance as we
developed better features. Because the anomaly filter values discussed above appear to have
some skill in finding whale signatures we wanted to include them in the feature vector. This
means that we need to preserve the nested boxes structure shown in Figure 1 for generating the
features.

For this analysis we generated three sets of features.

(1) Normalized statistics within the target box. Specifically;
e mi/s

st/s

E[TS]lIS/S

E[T4]l/4/S

E[(T-m7)3]*%/s

E[(T-m7)*]"4/s

where mt and st are the mean and standard deviation of the image values within the target box,
E[] represents the expected value of what is inside the brackets, and T represents image pixels
within the target box. The variable s represents the normalization factor. We looked at three
possibilities: s=1 which means we are not normalizing the statistics and ignoring changes in scale
factor; s= mean of the Coastal Band if it exists in the imagery, or the Blue band if there is no
Coastal Band, or the Pan band if we are using panchromatic imagery within the target box; s=
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mean of each individual band within the target box. We note that for the two options other than
s=1, the first metric is just equal to 1 for the band being used for normalization so it is removed
from the vector (i.e. if we are normalizing using one band, either Coastal or Blue, we remove it
from that band’s set of metric; if we are normalizing each band by its mean, then we remove it
from all of the bands).

(2) The four anomaly statistics discussed in the previous section, slightly modified as follows;
° (mT-mB)/sB
e 5S7/s
e maxmet as defined above
e minmet as defined above

where mg, sg are the mean and standard deviation from the background ring.

Neither of these feature metric sets are tuned to the actual whale signature components. That is,
they are both just general metrics that could apply to any target signature. So we also added 4
metrics that are more tuned to how whale signatures actually appear in the panchromatic
imagery. Two of these metrics come from the observations that the whale signatures often
contain regions of bright or dark areas that have some spatial extent, whereas a large majority of
the background signatures do not contain such regions. One measure that captures this
difference is the autocorrelation function of the image chip. We expect that the autocorrelation
of whale signatures will be broader (i.e. have a wider peak) then the autocorrelation of the
background due to these spatial regions of “similar” pixels. In addition, whale signatures tend to
be elongated in one direction (i.e. whales are longer than they are wide) which translates to
autocorrelation functions that are also elongated in one direction.

To implement these panchromatic metrics we first calculate the autocorrelation of the inner
target box. We zero out the zero-lag value, since this is almost always significantly larger than
all the other values. We then count the number of autocorrelation pixels that are > 0.5 times the
peak value in the function (after zeroing out the zero-lag value) and divide by the total number of
pixels in the target box. This is a measure of what percentage of pixels in the image chip are
correlated; i.e. a measure of the size of correlated image patches. To measure the elongation of
the image, we generate a mask from the autocorrelation function of all pixels that are > 0.5 times
the peak value and fit an ellipse to the mask. We then calculate the ellipticity of that ellipse.
This a metric for the elongation of a signature; the more elongated it is the higher the ellipticity
of the autocorrelation mask.

Our third new metric is based on the observation that whale signatures often have bright/dark
pixels right next to each other; particularly along the sides of the whale. To measure this we
determine the maximum value of the absolute difference between successive lines or successive
columns in the target box then divide this by the standard deviation of the pixels in the target
box. This is a metric of whether the difference between successive pixels is dominating the
variance of the image chip (which we expect it should if the major variation in the signal comes
from these bright/dark pairs).
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Our final, fourth, new metric is based on the fact that a whale signature will tend to have a small
number of local maxima in the image chip, whereas one of the largest sources of false alarms,
breaking waves, will often have multiple, small, bright blobs within the image chip. One method
to measure this is to count the number of local maximum within the chip. For this analysis we
define a local maxima as being the largest value within a 11x11 pixel window.

The four final feature vector entries as thus:

e corrcnt = number of pixels in the target box autocorrelation function that are >
0.5*peak(without the zero-lag) divided by the total number of pixels in the target

e boxdelmax = maximum value of the absolute difference between successive lines or
columns in the target box divided by ot

o ellip = ellipticity of the ellipse fit to the mask of the target box autocorrelation values that
are > 0.5*peak(without the zero-lag).

e loccnt = number of local maxima within the inner target box where local maxima are
calculated over a 11x11 pixel window.

These last four features were derived from manual analysis of panchromatic whale signatures
which had the resolution to see more detailed shapes of the signatures. The MSI signatures have
approximately 4 times the panchromatic resolution and thus almost always appear more as bright
blobs without any distinguishable shapes (see Appendix A). Thus for the MSI we can only rely
on the spectral values and not the signature shapes, whereas with the panchromatic imagery we
only have one band, but can rely on differentiating shape. Therefore we only used these last four
feature elements when analyzing panchromatic imagery; for MSI we only used the first ten
features described above.

The size of the feature vector varies depending on the normalization used and whether we are
analyzing Pan or MSI imagery:

- if s=1, for Pan imagery the feature vector has 14 elements, for MSI it has 10 elements per
band being analyzed,;

- if s=mean of either Coastal, Blue, or Pan bands, then for Pan imagery the feature vector
has 13 elements, and for MSI imagery it has 10 elements for each band except for the
normalizing band which has 9 elements;

- if s=mean of each band, the for Pan imagery the feature vector has 13 elements (this is
actually the same option for Pan as the previous one), and for MSI imagery it has 9
elements for each band being analyzed.

The final set of parameters to be determined is the sizes of the nested boxes in Figure 1. We
want the target box to be the size of the whale signature, the guard box to have the same width to
avoid contamination, and the background ring to be as large as possible but not to intersect with
a neighboring whale signature. Based on manual analysis of the imagery, we have chosen the
following box sizes:

- for MSI the target box is 8x8, the guard box is 16x16, and the background box is 32x32;
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- For PAN imagery the target box is 32x32, the guard box is 64x64, and the background
box is 128x128.

The training/testing set was then derived by centering these nested boxes over each of the
manually derived whale signatures and generating the feature vector elements for each, and
centering them over the manually extracted background signatures and generating those feature
elements. This set of feature vectors for whale and background signatures became the
training/testing set for the detection algorithms.

5. Optimal Linear Combination of Feature Vector Elements to Categorize the Feature
Vector

The general problem we will address is as follows. We assume that we have an image that
contains samples from N different classes, where each class represents some specific “thing” in
the image such as forests, ocean, buildings, whales, etc. We want to classify each image pixel
into the class that it belongs to using some feature vector to determine what class that pixel
should be put into.

We will assume that for each class, the features that are generated from the class occupy a
convex shape in M-dimensional space, where M is the number of features in the feature vector.
In other words, an M-dimensional ellipse can efficiently enclose the features from a class; they
are in essence a “blob” in M-dimensional space. As an illustration the top plot in Figure 2 shows
schematic examples of three classes whose features occupy the spaces marked by the blue
ellipses in the two-dimensional feature space. For visual simplicity these figures represent cases
were we only have two features; i.e. the feature vectors are in two-dimensional space. All of the
classes in the top plot obey our assumption of “blob-like”. The region occupied by Class 4 in the
bottom plot of Figure 2 does not obey our assumption; the horseshoe shape is not convex.
Generally we do find that most real-world images have classes that generate blob-like feature
clusters that exist within M-dimensional ellipses; however if a particular example does have
more “horse-shoe” shaped classes than different approaches would have to be used.

Our assumption of blob-like clusters for each class is what allows us to efficiently perform the
image classification using a linear approach. What we will do is find a set of hyper-planes that
“optimally” separate each pair of classes, where we will define below what we mean by
“optimal” in this context. Equivalently to finding hyper-planes is to find a set of what we will
call classification vectors for each pair of classes where the vector is orthogonal to the hyper-
plane. Let Cy; represent the classification vector between classes k and j. Each classification

vector will have an associated threshold value, Ty;. For a given image pixel, we will dot-product
the feature vector that is associated with that pixel with each classification vector; if the resulting
scalar is less than the threshold we assign that pixel to the jth class, if it is above we assign it to
the kth class. Since the classification vector is the vector that is orthogonal to the hyperplane that
would separate the two classes, the projection of the feature vector onto this classification vector
(i.e. the dot-product) is a measure of how far we are from the hyperplane on either side (see
Figure 3).
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Figure 2: Schematic shown the types of feature distributions we are assuming (top) versus non-
convex ones (bottom).
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Figure 3: Schematic showing the relationship of the feature vectors from two classes to the
classification vector and the hyper-plane separating the two classes. For simplicity the figure
assume that feature vector only as two elements.

We want to define the classification vectors such that the scalars that result from the dot product
of the classification vector with the features vectors from each class are a separated as they can
be. We will generate these classification vectors using a training set (this is why this approach is
a supervised segmentation) of example feature vectors derived from each class. Let sk represent
the scalar values generated from the dot product of the feature vectors from the training set for

class k and the classification vector €y, and likewise let sj represent the dot product values

between the class j feature vectors and Cyj. We want to define €y such that we maximize the
distance metric, d, defined as

~ (El; - E[Sk])z_

~ (varfsy |+ varls; |

(11)

where E[] and var[] represent the mean and variance, respectively of the values within the
brackets. This distance metric is often referred to as the Fisher Discriminant (Lachenbruch,
1975) and one can see that as it increases the scalar values from the two classes get further apart.

There are other metrics that can be chosen to determine separation, but this choice has the
advantage of the following analytical solution.

We can re-write Eqg. (1) as
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d= 12)
=T
Cyi i +ciky
where M is a matrix defined as
M = (m —my fm; —my )T, (13)

and where my, is the mean feature vector from class k, m; is the mean feature vector from class j,
C;j is the covariance matrix for the feature vectors from class j and Ck is the covariance matrix for
the feature vectors from class k. We can re-write Eq. (12) as an eigenvalue problem

Tna= ~
(Ck + ij Mij = dej (14)
where the -1 superscript indicates matrix inversion. The classification vector we want is the
eigenvector that generates the maximal eigenvalue and thus maximizes the distance metric d.

Since the matrix M has unit rank, Eq. (14) has only a single eigenvector solution which can be
written as

¢ =(Cj+Ci ) (mj-my) (15)
which generates a distance metric value of

d = (m;-my )T (Cj+Ci 1 - mye)- (16)
which is the classic linear discriminant result (Lachenbruch, 1975). The optimality mentioned

above is that this approach generates classification vectors (and thus hyperplanes) that maximize
the distance metric d in Eq. (11).

If the features in our feature vector are uncorrelated, then the covariance matrices Cjand Ck only
have diagonal elements, so the inverse of the sum in Eq. (15) is just the inverse of the sum of the
variances along the diagonal. Thus in this case the optimal classification vector is just

— m; (i) —my (i)

Cx; = forifromlto M a7
S [CAORYAHG)

where ox?(i) is the variance of the i-th feature from class k and o;%(i) is the variance of the i-th
feature from class j.
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In the general case, we apply each classification vector to a given feature vector and record
which class it gets put into for each class pair. We assign that pixel to a given class only if it gets
put into that class for each pair of classes that contain that class. For example, if there are four
classes, and a given feature vector gets put into class 1 when using classification vectors for class
pairs 1-2, 1-3, and 1-4, then it is put into class 1. Note that if this is true for one class, it can not
be true for any other class. It may be that this is not true for any class, in which case we can
either not classify that pixel (i.e. give it a “No Class” designation), or assign probability to which
class it is in instead of making the classification binary. That is, count how many times it got
assigned to each class and use this to assign a probability that it belongs to a given class.

We had mentioned above that to determine which class a feature vector belonged to, we
compared the dot-product with a classification vector to a threshold. In application, it is also
useful to define an interval within which the dot-product scalar must lie instead of just a
threshold; i.e. to be in class k it must be greater than Ty; and less than some maximum value.
This eliminates the problem that when we compare to two classes that are far away from the
actual class the feature vector belongs into we are getting scalar values that are very far away
from the hyperplane and way outside of where that scalar should lie for a given class.

This general approach has been successfully used to do automated ice-type classification in
space-based Synthetic Aperture Radar (SAR) imagery (Wackerman and Miller, 1996;
Wackerman et al., 2004) as well as terrain classification in airborne SAR imagery (Wackerman
1997)

If there is only one class that we really care about finding, then this approach collapses to a
detection problem where there is a target class and a background class. However, we note that
even in this case, it can be useful to have multiple background classes even if we only care about
detecting a target. This is illustrated in Figure 4 where we show that there is clean separation
between the target class and each of 3 background classes, but if we were to lump the
background classes into one class, we would not have clean separation (and the background class
would violate our ellipsoidal assumption). So some care must be given in understanding the
nature of the background we are trying to find a target in.

For the detection case where we have one background class we can generate a Receiver
Operating Characteristic Curve (ROCC) which plots the probability of detection versus
probability of a false alarm as follows. From the training set of target feature vectors and
background feature vectors we derive the optimal classification vector as described above. We
then dot-product the classification vector with each feature vector in a separate testing set to
generate a series of scalars from the target set and one from the background set. We can then
form a density function from these values for each class by forming a histogram and normalizing
it to sum to 1. For each histogram bin we sum the background histogram to the right of that bin
to generate a probability of a false alarm (PFA) and we sum the target histogram to the right of
that bin to get a probability of detection (PD). By doing this for all the histogram bins from
smallest to largest we map out the ROCC. This allows us to compare ROCCs for different
choices of features; the more that ROCC moves to the upper, left the better those choice of
features are. Note that the detection metric d in Eq. (12) itself is also a measure of how good the
choice of features are; the larger this number the better the detection of the target. However, it is
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Figure 4: Samples of needed to separate background responses into different classes to provide
better separation from a target class.

important to keep in mind that the metric d does not itself completely determine the shape of the
ROCC; so the ROCC is still the better comparison.

To generate more robust performance estimates we do N trials with the test data, where for each
trial we randomly divide the data into half training and half testing, generate the classification
vectors using the training data, then generate the ROCCs using the testing data. We then record
the ROCC:s for each trial, as well as the ROCC if we use all the data to both test and train —
which generates the best performance possible. In the results below we will use 10 trials for
each set of data, and compare the resulting 11 ROCCs (10 from each trial plus the one from
using the full set of data) for consistency of performance. The region occupied by all these
ROCC:s then indicates the performance region for the algorithm.

6. Using a Neural Net to Categorize the Feature Vector

Another approach to determining if a feature vector comes from a target or background region is
to use a neural net. A neural net is a classic Al or deep learning algorithm that attempts to model
what the neurons do in your brain. A neural net consists of layers of “neurons” which have
different weights. The feature vector is put into the first layer of the net, then the data is moved
through the net until it generates output weights that determine which class the vector belongs to.
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Training the net involves determining what the weights need to be to minimize the error of the
output.

There are many parameters that have to be chosen to design a given neural net. If we treat this as
a binary classification problem (the input data is being put into one of two classes) this means
that the last layer of the net must have two neurons (representing the “probability” or weight of it
being in one or the other class). If we treat it as a regression problem, where we assign a value
of 0 to all background signatures and a value of 1.0 to all target signatures and then try to
develop a neural net that estimates this value, then the last layer needs to have one neuron which
gives us the estimate of the signature “value” (i.e. with 0 for background or 1 for target). Also,
the first layer must have the same number of neurons as elements in the feature vector. The
other parameters we get to choose are:

- How many other layers (often called “hidden layers”) are in the net. We looked at 1 to 3
hidden layers with the results being essentially the same, with only slightly better PD
results for 3 layers, so that is what is used for these results.

- How many neurons are in each of the hidden layers (remember that the number of
neurons in the first and last layer are subscribed by the problem). A common approach is
to make the number of neurons either the same as the input, or twice. We looked at both
options and found no real change in performance, so we used twice the number of
neurons in the first layer (i.e. the number of elements in the feature vector) for each
hidden layer.

- How to measure the “error”. This is often coded as an estimate of information loss. For
binary classification, the most common lost function is referred to as Cross Entropy
which calculates the loss as the sum of x*log(y) where x is the “label” for the signatures
(i.e. either 0 or 1) and y is the output estimate that has the larger weight (and thus
determines which class that signature is put into). If we treat this as a regression
problem, then the most common error function is mean-squared-error (MSE) between the
signatures label (again either 0 or 1) and the estimate of that label. These are the two we
used.

- What algorithm to use to estimate the weights. This is some version of a search
algorithm that iterative changes the weights so as to minimize the loss function. One of
the more common ones is Stochastic Gradient Descent, which we used.

- There is a “learning rate” that is a scalar that determines the speed at which the weights
are “learned”. A very common value is 0.001 which we used. We note that this learning
rate was used in (Guirado et al., 2019) and it generated the second best result in
(Borowicz et al., 2019).

- To determine weights, the algorithms divide the training set into sub-sets of training and
testing data. The user specifies the size of these subsets, often referred to as the batch
size. We looks at batch sizes of 64, 100, 200 and found that it did not impact the final
performance at all, so we used a batch size of 64.
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- How many iterations to perform to estimate the weights. This is often referred to as the
number of epochs. Typically we want to set this to a number such that the decrease in
information loss has plateaued, and/or the number of correctly classified signatures has
plateaued. We found that for the binary classification problem (using the Cross Entropy
information loss function) this was around 300 iterations. For the regression problem
(using MSE as the information loss function) that had to be around 500 iterations.

- Afunction to determine if the neuron passes data on or not. This is essentially modeling
whether the neuron “fires” to pass data onto the next level, and are referred to as
activation functions. If we do not have this, then the net because essentially a linear
model; each neuron scales its input data by some weight and passes it on. Inserting a
“firing” function introduces non-linearity into the network. Two common type of
activation functions are: (1) only pass positive values, known as the rectified linear unit
function; or (2) a function that normalizes the output to a value between 0 and 1 (to do
this there is a sigmoid function, an exponential weight function (called softmax), or
hyperbolic tangent). We chose the rectified linear unit function, however we also
generated a net without any firing function, and the performance was essentially the
same.

Having defined the network, we then trained it by randomly dividing the target and background
feature vectors in the training set into a training set and a testing set. The algorithm then divides
the training/testing sets into batches of the size determine by the user (in our case 64) and does
an iterative estimation of the weights by using the training set to determine the next set of
weights and the testing set to make sure that the iteration is improving things. Since we
randomly divide the original training data into training and testing sets, each time we run the
code we actually generate a new neural net and a new set of performance values. If we are using
the binary classification problem, then the final neural net classifies each training set signature
into either a target or a background signature, so we get a single set of PFA, PD values for a
given net. If we are using the regression problem, then the final neural net generates an estimate
of the signature “value” for each signature. We can then assume some threshold for this estimate
and label as a target every signature whose value estimate is above this threshold and label as a
background every signature that is below this threshold. Thus by changing the threshold we
generate a series of (PFA, PD) values, similar to how we generate the ROCC with the optimal
linear algorithm. For this analysis we used 10 trials and thus generated 10 ROCCs, similar to
what is generated using the optimal linear algorithm.

This is a significantly simpler neural net than what is normally used in standard CNNs, and what
was used in both (Guirado et al., 2019) and (Borowicz et al., 2019) when they trained on
hundreds of thousands of images from image databases on the internet. However in this study
we wanted to see if a simple neural net applied to feature vectors could at least start to get close
to the performance of the much large CNNs trained on much larger training sets.
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7. Performance on Test Set

Our first analysis is to determine detection performance across the entire test set. For MSI the
sets of bands that all the images share are the four bands B, G, R, NIR, so we just used these
bands in each MSI. We looked at the three different normalization approaches (which collapse
to two for PAN) and looked at results for the optimal linear combination, the neural net
considered as a regression problem, and the neural net considered as a binary classification
problem.

In addition, we looked at using the image values within the target box as the feature vector,
instead of the features described above. The reason for this is that using the image values in the
neural net is an approximation for what a CNN would perform and gives us a benchmark to
compare the feature vector results to. It also tests to see if we are improving performance for
these small test sets by using feature vectors instead of imagery values. Due to the simplicity of
our neural net, our results will not be comparable to what a significantly more complicated CNN
would be able to provide, but rather it is providing a comparison between using feature vectors
and using image value for the same test data and simple neural net.

Figure 4 shows these results. The first line of plots in Figure 4 are for the MSI using only the
consistent 4 bands and using no normalization (left plot), normalizing by the Blue band (middle
plot), and normalizing by each bands mean (right, plot). The black line are the 10 ROCCs from
the optimal linear algorithm. The green-dashed line is the ROCC from the optimal linear
algorithm using the full data set. The red lines are the 10 ROCCs from the neural net algorithm
using regression. The blue dots are the 10 (PFA,PD) results from the neural net algorithm using
binary classification. The black number in the lower, right of each plot is the average number of
false alarms per WorldView Tile (NFA/Tile) for a PD=90% for the optimal linear algorithm,
where the averaging is over the 10 trials. The red number is the average NFA/Tile at PD=90%
for the neural net regression algorithm, again averaged over the 10 trials. Note that the PD
values along the y-axis cover the full spread of possible data (0 to 1.0) whereas the PFA values
along the x-axis are only the values near to the origin (0.0 to 0.04) to allow the ROCCs to show
where they have the bend in the curve. The second line of plots are the same results but for the
full set of panchromatic images with either no normalization (left plot) or normalized by the
mean of the image (middle plot). Finally, the last two lines of results are for the same image sets
as the top two lines, but for the feature vector being the image values within the target box
instead of the features. For all of these results the neural net binary classification algorithm did
not converge. For the left plots (no normalization) the neural net regression algorithms did not
converge. For the other plots, we only show 3 trials for the neural net regression algorithm due
to the large run-time required to generate these results.

There are a number of general comments we can derive from the results in Figure 4.
- The neural net binary classification using the network parameters we list above did not
ever work. When it converged it only gave PDs of around 50%, and it never converged

when using image data as the feature vector. In future work we will see if changing the
neural net parameters can generate better results.
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Figure 4: ROCC and NFA/Tile results for various image combinations and algorithms. Red
lines are ROCCs from the neural net regression algorithm trials. Black lines are ROCCs from
the optimal linear algorithm trials. Dashed green line is the ROCC using the optimal linear
algorithm on the full test set. Blue dots are the PD, PFA results for the neural net binary
classification algorithm. The columns are results for different normalization approaches; left
column does not perform any normalization; middle column divides the imagery by either the
Coastal, Blue, or panchromatic band depending on the image; right column divides each band
by its mean. The first line of plots are for MSI images from all the data using only the common
four bands of B,G,R,NIR. The second line of plots is for all of the Pan images. These results all
use the feature vector described in the text. For comparison, the last two lines of the figure show
results when the image values within the target box are used as the “feature vector”. The neural
net binary classification algorithm did not converge for any of these, so it is not plotted. The
neural net regression algorithm did not converge for the left plots, so they are not plotted.
Finally, the red numbers within each plot are the NFA/Tile values averaged over the trials for a
PD=90% for the neural net regression algorithm. The black numbers are the NFA/Tile averages
for the optimal linear algorithm.
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Using image data as the feature vector is consistently and significantly worse than using
the actual features. This is most probably due to the fact that we have such a small
training set that is not sufficient for standard CNN models. It does indicate that using the
feature vectors can provide improved performance for these small test sets and simple
neural nets.

The neural net regression approach consistently outperformed the optimal linear
algorithm. Their ROCCs are consistently above and to the left of the optimal linear
ROCCs.

For the feature vector results the cluster of ROCCs for the 10 trials is compact, and the
full-data optimal linear ROCC is within the 10 trials, showing that for this data set the
statistics we are generating are consistent across the test set. For the image values results,
the trial data is still compact, but the full optimal linear results is significantly above the
trial results, indicating that there is more variation in these statistics than when using the
feature vector.

The best performance is for the MSI 4-band imagery without normalization. It generates
a NFA/Tile of 206; well within what would be reasonable for a user to review.

The performances of the MSI 4-band imagery normalizing by the blue band, and both the
normalizations of the Pan image, were essentially the same. The neural net algorithms
generated a NFA/Tile of ~800.

We then compared using the full 8 bands of the WorldView imagery with either Ortho or Basic
imagery. If we limit the test dataset to only WorldView imagery we then have only 340 whale
chips. These results are shown in Figure 5. The top row of plots are for using all 8 bands of the
Ortho imagery in the three different normalizations. The second row uses the 8-band Basic
imagery. For comparison, the last row shows a result where we only used the 4 B, R, G, NIR
bands of the WorldView Ortho imagery without normalization.

Some comments on these results:

The WorldView Ortho imagery have the best performance across all normalizations, with
no normalization again generating the best result; NFA/Tile = 12.

The WorldView Basic imagery performs worse than the Ortho. This seems in part due to
the DRA that is applied to the Ortho image to enhance the contrast of the image. This
appears to improve the detectability of the whale signatures over the Basic image.

The cluster of ROCCs is tight for the Ortho imagery, but is quite spread for the Basic,
and the optimal linear full results for the Basic imagery is quite above the trial results.
All this indicates that the statistics for the Basic imagery are more variably across the
data set than for the Ortho imagery, again perhaps due to the DRA.

Using only four bands in the WorldView Ortho images performs almost as well as using
all 8 bands, indicating that it is not the additional bands that are giving us the significant
performance boost but the nature of the Ortho images; again most probably due to DRA
which is only applied to the Ortho images.
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Figure 5: ROCC and NFA/Tile results for various image combinations and algorithms. Formats
of the plots are the same as in Figure 4. In this figure, the top line of plots only use the
WorldView MSI Ortho images and the middle line only use the WorldView MSI Basic images. In
both cases all 8 bands are used. The bottom plot uses the WorldView MSI Ortho images, but
only the four B,G,R,NIR bands.

Figure 6 adds the Pan results for the Ortho or Basic WorldView images (rows 2 and 4; rows 1
and 3 are the same results as are shown in Figure 5). For both Ortho and Basic imagery the MSI
out-performs the Pan, even though we added the image features onto the Pan feature vector.
Also, band-normalizing improved Pan performance over no normalization. Note that when we
used all the images (Figure 4) the two Pan normalizations generated essentially the same result.
Finally, Pan Ortho images outperform Pan Basic images, and both out-perform Pan applied to all
the imagery.

To provide a summary for the different algorithms and imagery selections, we calculated the
average ROCC over all trials for the variation combinations, and the average value for NFA/Tile
over all trials. These are shown in Figure 7 for the various combinations. The notations around
the plot indicate which image types were used and show the average NFA/Tile as a red number
(this are the same numbers as are shown in Figures 4-6). The MSI results in Figure 7 use no
normalization and the Pan results use normalization by the band mean.
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Figure 6: ROCC and NFA/Tile results for various image combinations and algorithms. Formats
of the plots are the same as in Figure 4. In this figure, the top line of plots only use the
WorldView MSI Ortho images and are the same results as the top line of Figure 5. The second
lines uses the WorldView Ortho Pan images. The third line uses the WorldView MSI Basic
images and shows the same results as in Figure 5. The bottom line uses the WorldView Pan

Basic imagery.
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Figure 7: Summary of the ROCCs for the various combinations. For all the MSI results in this
plot, no normalization was used. For all the Pan results, they were normalized by the mean
within the target box. The notations around the plot show what images/algorithms each ROCC
corresponds to (as does the legend) along with a red number that is the average NFA/Tile for a
PD=90%.

The results fall into four main groups in Figure 7:

Using WorldView MSI Ortho or Basic with the neural net algorithm are the best, top,
results with NFA/Tile=12/101 and a PD~97% for PFA of 1% (0.01). Again, excellent
performance and they stand out from the rest of the image combinations.

The next group consists of (a) all MSI images using 4 bands with the neural net
algorithm; (b) WorldView Ortho PAN imagery with the neural net algorithm; and (c)
Worldview Ortho MSI with the optimal linear algorithms. These all generate NFA/Tile ~
190 (from 179 to 206) with a PD~94% for PFA=1%. These false alarms could be easily
reviewed by a user in an operational setting so we are still within operational utility.

The next group consists of (a) WorldView Ortho PAN imagery with the optimal linear
algorithms; (b) WorldView Basic PAN with neural net; and (c) All Pan imagery with the
neural net algorithm. NFA/Tile ~ 600 (from 511 to 747) with a PD~90% for PFA=1%.
Note that for this group the NFA/Tile is starting to get too high for a user to easily review
in an operational setting.
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- The final group consists of all optimal linear algorithms using (a) all Pan imagery; (b)
WorldView PAN Basic; (c) all MSI imagery; and (d) WorldView Basic MSI. The
NFA/Tile ~ 1400 (from 1082 to 1827 with the excepthon of WorldView Basic MSI that
fluctuates wildly) and with a PD~86% for PFA=1%. Note that for this group the
NFA/Tile is more than we would want a user to have to review in an operational setting.

Clearly we want to stay within the first two groups, which means that we want to use either :

(a) only WorldView MSI imagery (Ortho or Basic) or PAN Ortho with the neural net algorithm;
or

(b) use any available satellite sensor system, in which case we want to use MSI with the neural
net algorithm.

The results in Figure 7 also support the general conclusions of: (a) the neural net algorithm is
better than the optimal linear algorithms (4/5 results in the top 2 groups are neural net and 5/7 of
the bottom two groups are optimal linear); (b) MSI is better than PAN even with the additional
PAN features (4/5 results in the top 2 groups are MSI and 5/7 of the bottom two groups are
PAN)

Running either the optimal linear or neural net algorithms on the test set generates a detection
algorithm that can be applied to a full image. In the case of the optimal linear approach, this
consists of the classification vector and associated thresholds. In the case of the neural net
approach, this consists of the weights that were generated along with the structure of the neural
net. Note that each trial generates a different detection algorithm, so we pick the one that
generated the best ROCC between the ten trials. To test the robustness of the test set results
against the full imagery, we ran the detectors on the full WorldView Ortho Pan images for the
Valdes 2012, Valdes 2014, and Valdes 2016 and on the full Geo-Eye Pan image for Witsand
2009. We used normalization by the mean of each band since this performed the best over the
Pan test sets, and ran both the neural net and optimal linear detectors. We assumed that the
manually-derived plus anomaly-filter whale signatures were the only whale signatures in the
entire image and treated them as ground truth. So PD was determined by the number of these
that were detected whereas PFA was determined by detection of anything else. The image
results are shown in Figure 8 as diamonds with dashed lines and for comparison are plotted on-
top of the ROCCs from Figure 7, though they are now plotted with thinner lines to make the
image results stand out. All but one of the images generated PD ~93% for PFA in the range
from 0.005 to 0.02 which spans the regions of group 2 and group 3 as discussed above. Note that
these groups span the test set results for WorldView Ortho Pan images, either with neural net or
optimal linear algorithms, and all Pan images with neural net algorithm, so the image results
appear consistent with the test set results. The remaining image generated PD~ 90% for this
same range using the optimal linear algorithm and is consistent with the lower portion of group
3; s0 again consistent but at the lower end. Overall, the full image results appear consistent with
what the test set generated.

We also performed timing tests of the detection algorithms to see how quickly they could be

used to generate results on imagery. Run time per WorldView tile ran from 500 to 1000
seconds, with the optimal linear and neural net detectors taking approximately the same time. A
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Figure 8: Same results as in Figure 7 (but drawn with thinner lines and smaller symbols) with
the results from running the detection algorithm on full imagery added. Purple diamonds are
full image results using the optimal linear algorithm. Blue diamonds are full image results using
the neural net regression algorithm. The image results come from four images: Valdes 2012,
Valdes 2014, Valdes 2016, and Witsand 2009 and were run over the tiles which contained the

manually-derived whale signatures.

full WorldView collection can contain on the order of 30 tiles, so to process the full collection
would take from 4 to 8 hours, which is too long for truly operational considerations. However
the code implementing the algorithms has not yet been optimized for run time, so it may be

possible to make it faster.

Finally, we compare our ROCCs with the results previously published. Figure 9 shows the
ROCCs from Figure 7 with the results from (Fretwell et al., 2014; Borowicz et al., 2019; Guirado
et al., 2019) shown as large purple circles. Note that we have expanded the PFA values along
the x-axis in Figure 9 to go from 0 to 0.3 in order to show all the published results. With our
testing set, the specific feature vector described in this report, and the specific simple neural net
that we used, we do attain better performance than (Fretwell et al., 2014) and (Guirado et al.,

31



(Borowicz et al., 2019) Summary
‘ RN ,\,\, g TTnYY

YT R ey R Yt :,
' , .'\:,,.L h ” ‘/“
: / Y R4 G TR RS Y A

osst B BAANAA IS Lh ey :

#
_,__f S Ao

0.90 4 sPE R

L
.

PCLEr R
-

: (Fretwell et al., 2014)

4band_OL
4band_NN
’ Mul_WVO_OL
I Mul_WVO_NN
0.80 -s+ Mul_WVB_OL

o

- Mul_WVB_NN

—e— Pan_OL

—e— Pan_NN

—e= Pan_WVO_OL

—e Pan_WVO NN
e Pan WVB OL
e- Pan WVB NN
@® Previous

o0
(Guirado et al., 2019)

0.70 ‘ :
0.0 0.1 0.2 0.3

PFA
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purple dots).

2019), but we appear similar to (Borowicz et al., 2019) in that their results straddle what we
referred to above as Group 2 in our results, but they do achieve higher PD (100%). This is
interesting because (Borowicz et al., 2019) used very large training sets from image databases
and a much more complex neural net than we have used in this study, applying image values to a
CNN. These results indicate that by using feature vectors with a much simpler neural net we can
achieve detection performance similar to what the larger CNNs provide when being applied to
image values.

8. Summary and Conclusions

In this paper we have presented an automated detection algorithm for whale signatures in optical
satellite remote sensing imagery that is an attempt to design an approach that will perform better
on smaller test data sets than the traditional deep learning CNN approaches. The detection
algorithm combines a feature vector with either an optimal linear combination of feature
elements or a neural net to decide whether the feature vector comes from a whale signature or
not. The feature vector used in this study is a combination of normalized statistics, statistics
designed to determine if the image values within some target box are statistically different than
those in the local background, and a set of metrics designed to measure image properties unique
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to whale signatures in panchromatic imagery. The proposed approach was tested on a set of
image data that contain WorldView-2, WorldView-3, GeoEye-1, Quickbird-2, and Pleiades
imagery from which 730 whale signatures and 9300 background signatures were manually
extracted to provide training/testing data. Conclusions from this study are:

- Using a feature vector approach performed better than using image values directly into
either the optimal linear combination or neural net algorithms, giving some indication
that for small training sets a feature-based approach may provide improved performance
over using image values;

- Our results were either better or equivalent to published results that used significantly
larger training sets and significantly more complex CNN neural nets, again giving some
indication that for small training sets a feature-based approach can provide improved or
equivalent performance over traditional CNN approaches.

- Using a neural net to determine which class a feature vector belongs to performed better
than using an optimal linear combination, and both ran in about the same time on an
image;

- Using MSI gave better performance than using PAN imagery, even with the addition
image metric used with PAN imagery;

- Using WorldView 8-band multi-spectral imagery the proposed algorithm generates a
probability of detection of ~ 97% at a probability of false alarm of ~1% with 10-100 false
alarms within a WorldView tile. Using 4-band multi-spectral imagery from all sensors,
the proposed algorithm generates a probability of detection of ~ 94% with a probability
of false alarm of ~ 1% with ~200 false alarms per WorldView tile.

- WorldView Ortho imagery provides the overall best performance, most probably due to
the DRA that is applied to the image to enhance contrast.

As mentioned above, the training set was derived from manual analysis without any in situ
ground truth, so there is probably a subset of our “whale” image chips that are in fact not whales
but small boats or judiciously placed breaking waves. This means that our reported PFA values
are probably too low since we have put actual false alarms into the “whales” category. However
without any ground truth it is difficult to determine how far off our PFA values may be.

The results shown here are specific to our test set, the set of features we used in the feature
vector, and the specific parameters for the neural net. In future work we will determine if a more
complex neural net will significantly improve performance, and we will continue to search for
better features to use for whale signature detection. We also will apply the detection algorithms
to full MSI Ortho images to determine if we can get image results consistent with the test set
ROCCs.
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Appendix A: Images for all the whale signatures extracted for this study.

Auckland 2006 Pan whale signatures; QuickBird-2 resolution=0.66 m
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Witsand 2009 Pan whale signatures; GeoEye-1 resolution = 0.43m




Auckland 2011 Pan whale signatures; WorldView-2 resolution=0.47m
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Valdes 2012 Pan whale signatures; WorldView-2 resolution=0.52m




Valdes 2014 Pan whale signatures; WorldView-3 resolution = 0.36m
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Valdes 2016 Pan whale signatures: WorldView-2 resolution=0.54m

41



Auckland 2006 MSI whale signatures; QuickBird-2 resolution=2.6m
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Witsand 2009 MSI whale signatures; GeoEye-1 resolution
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Auckland 2011 MSI whale signatures: WorldView-2 resolution=1.9m
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Valdes 2012 MSI whale signatures; WorldView-2 resolution=2.1m
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Valdes 2014 MSI whale signatures; WordIView-3 resolution=1.4m




Cape Cod 2021; Pleiades resolution=0.73m
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