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Abstract. This paper discusses the identification of humpback and gray whales
based on images of their flukes. White patches appearing on a fluke constitute
unique identifying features which are used here to match a query fluke image
against a database of fluke images. The fluke area is first extracted from a fluke
image via the live-wire edge detection algorithm. Optimal thresholding is then
applied to the fluke area to obtain the patches on the fluke automatically. Next,
the affine moment invariants of patches are computed and stored in a feature
database. Finally, the database images are ranked depending on the degree of
similarity between the query and database invariants. The results obtained are
presented in the form of a performance box plot showing the reduction in the
amount of manual search for various percentages of test images.

1 Introduction

Individual identification of humpback and gray whales is of interest to marine mam-
malogists. Due to practical and legal obstacles associated with tagging the whales, the
method of photo-identification offers an alternative identification approach. This ap-
proach relies on unique natural markings or features which are captured in photo-
graphs taken from research ships. White/light gray patches on the flukes of humpback
whales and white/light gray blotches on the flukes of gray whales constitute relatively
unique natural markings and are thus used here for whale identification. Figure 1
shows a sample fluke image of a humpback and a gray whale.

In the literature, one can find WhaleNet [3] as an identification approach for
humpback whales. WhaleNet is a graphical-user-interface program that allows one to
narrow down the search by visually selecting one of 18 possible fluke types. In [1],
the curve matching technique, which we originally developed for identification of
bottlenose dolphins [2], was applied to fluke edges of humpback whales. This curve
matching technique consists of a string representation scheme describing curves at
both syntactic (structure) and semantic (attribute) levels, and a string matching strat-
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In this paper, we have developed a patch-matching technique to narrow down the
manual search process by using the relatively unique identifying patches present on
the fluke surface of the animals. This computer-assisted technique can be used as a
follow-up identification phase to WhaleNet after specifying the fluke type. It can also
be utilized as a standalone system to identify an individual whale without specifying
the fluke type. The developed technique is based on affine moment invariants as
formulated by Flusser and Suk [4]. For identification, affine moment invariants of a
query fluke patch are compared with a database of previously computed affine mo-
ment invariants. The database images are then ranked depending on the degree of
similarity between invariants.

The developed fluke matching technique is discussed in more detail in section 2. A
Matlab-based graphical-user-interface software, named PatchMatch, is also developed
for users to easily select patches and perform identification. This interface software is
briefly described in section 3. The results and their analysis are presented in section 4.

2 Fluke Patch Identification

The patch matching technique developed in this paper consists of a patch detection
part, an affine moment invariant computation part, and a matching part. Figure 2 pro-
vides a block diagram of the different stages of the photo-identification process.

During training, affine moment invariants of a database of fluke patches are com-
puted and stored in a feature database. During matching, the affine moment invariants
of a query patch are computed and matched against the feature database in order to
identify the best matching individuals. In case of humpback whales, the user may en-
ter the fluke type as specified by WhaleNet in order to lower the database size.

2.1 Patch Extraction

The matching process requires the detection or extraction of patches from fluke im-
ages. Many approaches based on edge detection, region growing, and thresholding
can be utilized to extract patches from fluke images. However, the outcomes of such
approaches depend on either some user-defined parameters or a great deal of user in-
teraction. Here we have deployed the live-wire edge detection algorithm, as described
in [5], to define the fluke area. This algorithm performs edge detection by obtaining
the optimal path in a weighted graph representing the fluke boundary. This algorithm
has been successfully deployed for extraction of dorsal fin edges as part of our Fin-
Scan [6] software. In contrast to many edge detection algorithms, this algorithm has
been found to be insensitive to various lighting conditions under which the images are
taken.

Next, the patches are detected via the optimal thresholding algorithm described in
[7]. This algorithm optimally divides the histogram of the fluke area into patch and
non-patch areas.

2.2 Affine Transformation

Affine transformation is an important subgroup of the general class of projective
transformations. It involves translation, rotation, scaling and possible skewing (out-
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of-plane rotation). Mathematically, for the two-dimensional case, it can be repre-
sented by the following equation:
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where ©# Vv represents the transformed coordinates of an original point X ) , ma-

trix A represents rotation, scaling and skewing, while b is a vector representing the
translation effect. It is worth mentioning that it is necessary to consider invariance to
affine transformations because the photos are taken not only from different distances
but also with different degrees of skewness. Also, it is sufficient to consider invari-
ance to affine transformations because fluke surfaces are almost planar and have di-
mensions smaller than the distance from the camera.

2.3 Affine Moment Invariants

Once the patches are detected, they are used as the input to an affine moment invari-
ant (AMI) computation module. Figure 3 shows an example of the extracted patches
for which the AMIs are computed. These invariants were derived by Flusser and Suk
[4], improving on a previous attempt by Hu [8]. Flusser and Suk derived four affine
moment invariants using second- and third-order moments. The expressions for these
invariants are given below.
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where 1, denotes the pgth central moment given by
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and x=m;¢/mgg, y=moi/mgo, (X.y) is a density function, m,, is the pgth order moment
given by
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Due to the highly sensitive nature of patch intensity values to outdoor lighting con-
ditions, the density function (x,)) is considered to be a binary function here with
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value 1 assigned to patch areas and value O assigned to non-patch areas. The fluke
area is divided into a left and a right half by using PatchMatch. The AMIs for each
half are computed and entered as an 8-dimensional feature vector into a feature data-
base. This process is repeated for all the images. The feature database is then used for
the matching procedure, presented next.

2.3 Matching

The final part of the identification technique consists of matching the affine moment
invariants of a query image against a database of affine moment invariants previously
stored in the feature database. This is done by computing the Euclidean distance be-
tween the affine moment invariant vectors (for each corresponding fluke-halves), one
vector corresponding to the invariants of the query image, and the other vector corre-
sponding to the invariants of a database image. It should be mentioned that each in-
variant is normalized between -1 and 1 using its mean and variance in the database to
avoid an invariant dominating the Euclidean distance.

3 PatchMatch GUI

The steps involved in the patch matching technique were incorporated into a graphi-
cal-user-interface (GUI) program, named PatchMatch, to allow efficient user interac-
tion and processing. PatchMatch was written by utilizing the Matlab image processing
and user interface toolboxes.

A popup menu gives the user the option to either train/set up a feature database, or
match a query image against a feature database. Another popup menu allows the user
to choose a sub-database containing images with the same fluke type. Upon matching,
the images in the database are ranked depending on the ascending distances and then
displayed 9 at a time for visual inspection by a mammologist. An example of the
matching process is illustrated in Figure 4, where the first nine matched flukes are
shown for a query image.

4 Results and Discussion

Two databases have been considered in this study. The first database comprises the
humpback images provided on the Whalenet CD [3] distributed by the Wheelock Col-
lege. The second database comprises the gray whale images collected by Wursig.

The WhaleNet database consists of a total of 911 fluke images. The software pro-
vided on the same CD allows the creation of 18 sub-databases corresponding to the 18
fluke types mentioned earlier. The number of images in the 18 sub-databases varies
from 1 to 84 images. The half-submerged fluke images were excluded from our fea-
ture database due to their incomplete patch information. The remaining 461 unique
images were thus used for the subsequent studies.

The gray whale database consists of 96 images taken from 38 individual gray
whales. Despite the humpback database, this database includes 2 or 3 different images
for each individual gray whale. One of the animals was excluded in our study as it had
only one image of itself.
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For testing in case of humpback whales, the process of patch detection was re-
peated and the affine moment invariants were computed for each query image. A box
plot was made to show the position of the first correct match for various percentages
of the test images. Such plots exhibit performance of any identification system. Figure
5 shows the performance box plots for the humpback database studied. As indicated
in this figure, more than 90% of the time the user needed to search through less than
50 images, instead of 461 images, to identify the right individual. In essence, the com-
puter-assisted approach reduced the database to one-ninth of its size. Figure 5 also
includes the comparison with the string curve matching method, reported previously
for dorsal fins in [2], where the fluke edge information was used for matching. It is
worth mentioning that better performance was obtained when using the sub-databases
as specified by WhaleNet.

The ideal performance outcome is that, for any query or test image, the correct
fluke is the very first image. However, in practice, there are many noise or distortion
sources that cause deviation from the ideal outcome. Our analysis has revealed that
the drop in performance from the ideal case is mostly due to the following factors: (a)
ambiguity during patch detection caused by very low contrast patches and existence
of very small patches, and (b) the finite resolution (limited number of pixels) of the
images.

A study was carried out to examine the affine invariant property of affine moment
invariants when the fluke surface is not parallel to the image plane during photogra-
phy. This study revealed that very little loss in performance occurred for up to 60 de-
grees of out-of-plane rotation or skewness. Beyond 60 degrees, due to discretization
and loss of image resolution, affine moment invariants started losing their effective-
ness. In the database studied, however, it was observed that almost all the images had
been taken with the fluke surface being more or less parallel (small amounts of skew-
ness) with respect to the camera image plane.

For testing in case of gray whales, unlike humpback whales, the invariants of a
query image were matched against all the other images in the database by leaving out
the query image from the database, since this time there existed more than one image
of an individual. As shown in Figure 6, it is seen that about 75% of the time the user
needed to search through only one-fourth of the database to get a match to a different
image of the query individual. Figure 6 also includes the comparison with the string
curve matching method.

A study was carried out to find out how the performance changed with the number
of blotches sorted in terms of their sizes. It was seen that the performance improved
steadily when the number of blotches was increased to 10. Thereafter, the perform-
ance remained more or less the same when considering up to 12 blotches and then
started to degrade for higher number of blotches. This was due to the fact that the
higher order blotches consisted of very few pixels and thus increased the identifica-
tion sensitivity during the matching process.

5 Conclusion

In this paper, a computer-assisted photo-identification approach has been developed
for the identification of humpback and gray whales. The obtained performance results
indicate that in most cases this approach considerably reduces the number of images
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to be searched by a mammologist. For the databases studied, it was found that the cor-
rect match was seen in the first two sets of 9 displayed images 90% of the time in case
of humpback whales and 75% of the time in case of gray whales.
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Figures

Fig. 1 - Sample fluke images of humpback whale (left) and gray whale (right)
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Fig. 2 - Block diagram of the photo-identification process
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Fig. 3 - Edge detection and patch extraction for AMI computation
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Fig. 4 - Identified matches for a query image
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Humpback Whales (461 animals - 461 images)
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Fig. 5 - Box plots for humpback whales
Gray Whales (37 animals - 95 images)
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Fig. 6 - Box plots for gray whales
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