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Abstract

Recognizing individual salamanders is an important
step in assessing their migratory patterns in ecological
studies. In this paper, we develop an algorithm that uses
distributions of multi-scale differential features to recog-
nize individual salamanders from a database of salaman-
der photographs. In the proposed method, images of sala-
manders are warped to have straight medial axes and dif-
ferential features are extracted in windowed regions of
interest in the straightened image. Feature distributions
are computed in each region and concatenated together to
form an efficient image representation. Results, at a 91%
recognition rate, suggest that the technique is promising
and can be scaled to much larger databases.

1 Introduction

In the field of wildlife ecology, researchers require the
ability to uniquely identify individual animals in order to
address a range of questions fundamental to the discipline.
For example, to estimate population sizes, demographic
rates or movement distances, biologists must be able to
observe individuals at multiple points in time and distin-
guish newly observed individuals from repeated observa-
tions. Accomplishing these needs has typically required
radio-telemetry and mark-recapture techniques in which
individuals are physically marked or tagged (e.g., with ear
tags, leg bands, shell notches or color marking). These
methods are intrusive to varying degrees and may in fact
affect the fate and/or behaviors of the animals being stud-
ied. In addition, some taxonomic groups like small am-
phibians may not effectively retain any marks or tags long
enough to be useful. For these reasons, new techniques are
needed which allow individual identification but minimize
observer impacts on study animals and their behaviors.

Numerous efforts have been made to exploit unique vi-
sual traits in the identification of individuals, but these
have largely been limited to marine mammals, using scars
and/or fin abnormalities [8], or large terrestrial mammals
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like the African zebra [22]. While most of these efforts
pre-date modern computer-based pattern recognition tech-
nologies, there are notable exceptions like Kelly’s recent
work [9] applying 3-D computer matching techniques in
a long-term study of the Serengeti cheetah. Work with
patterned amphibians has been mostly limited to manual
techniques in which researchers use spot counts in pre-
determined regions (e.g., tail, left or right ventral sec-
tion) [5, 14] or manually compare photographs to identify
matches among small numbers of total captures [1, 5, 17].

The study organism in this research is the marbled sala-
mander (Ambystoma opacum), a terrestrial salamander that
is protected as a “Threatened Species” under the Endan-
gered Species Act of Massachusetts. The ecological ob-
jectives of this research are to measure site fidelity (how
often do individuals return to natal breeding sites?), dis-
persal rates and distances (how often do animals colonize
new breeding sites and how far do they go?), and a range
of demographic rates (e.g., survival, breeding frequency,
age at maturity). By matching photographs of salamander
taken at capture points across sites and across years, we
will be able to document a chronology of movement and
survival for individuals observed multiple times. This type
of information is critically needed to understand the life
history of this rare species and to better inform efforts di-
rected at its conservation. Specifically, these data will be
used to measure local- and metapopulation-level processes
and to build population models which begin to address how
much habitat is needed to protect viable populations of this
species.

In this paper, we evaluate the use of multi-scale differ-
ential features and their distributions to identify salaman-
ders in a study of population biology and movement ecol-
ogy in western Massachusetts, USA. As such, the proposed
technique is general; variations have hitherto been applied
successfully in image retrieval tasks such as finding sim-
ilar scenes, trademarks, binary shapes, textures and face
recognition [27, 28, 30].

Currently, salamanders are photographed at capture-
sites in the field by placing them in a box with relatively
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Figure 1: Acquiring Salamanders: A custom enclosure
with lighting and a camera is used to capture photographs
of salamanders at sites.

diffuse lighting (Figure 1). We also have data that predates
this method, where images were taken in uncontrolled
lighting. Therefore, our datasets exhibit illumination varia-
tions. The database images also exhibit scale variation(see
Figures 3 and 4) because the salamander body changes
with time and salamanders have varied dimensions.

The segmentation of current salamanders from the
background is a relatively straightforward problem and
for older data this was done manually. However, the
body of the salamander is flexible, and rather than resort
to deformable template matching (see Section 1.1), we
straighten them first. This is done by extracting the medial
axis, interpolating the axis with a spline and (un)warping
small rectangular windows along the breadth of the sala-
mander onto a straight line of length equal to the medial
axis length. The result of a typically straightened sala-
mander is shown in Figure 2. After pre-processing, the
database consists of straightened salamanders taken over
prolonged periods of time and the retrieval problem is to
find a prior instance(s) of a presently photographed (and
unwarped) salamander in the database.

The plan for recognition is to construct an appearance
representation using distributions of local features of the
image brightness surface. The claim is that the distinctive
patterns on the backs of salamanders are good candidates
for an appearance-based recognition technique. In partic-
ular, we use local features obtained by applying operators
to the image that, equivalently, can be thought of as tun-
able spatial-frequency filters, statistical descriptors of the
brightness surface, or approximations of the local shape
of the image brightness surface. Specifically, multi-scale
differential features are used [3, 10, 11, 15, 18, 27, 28,
30, 31, 23, 32, 33] and this choice is motivated by argu-
ments [3, 11] that the local structure of an image can be
represented in a stable and robust manner by the outputs

of a set of multi-scale Gaussian derivative filters (MGDFs)
applied to an image. In order to deduce similarity between
two salamander images, multi-scale differential features
are composed into histograms within overlapping windows
along the length of the salamander. The string of multi-
scale histograms is treated as a vector and correlated to de-
duce similarity (see Section 2).

1.1 Related Work

A simple approach to recognition may be to match the
images of salamanders using normalized correlation. We
obtained poor results in doing so because (a) anisotropic
scale changes were present and (b) strong variability in lo-
cal correlations could not be distinguished with modest, but
unvarying, local correlation. Another technique could be to
search across deformation parameters using brightness or
some features of brightness [30] as the template, but this is
expensive. Yet another possibility is the use of deformable
templates on the unwarped images directly. This is not at-
tempted because it is likely to be quite computationally ex-
pensive as well. Our motivation is statistically-based; con-
tinuum features and their transformations robust to scale
and illumination are computed from the image and their
statistics in windowed regions of the image are used as the
representation. In the absence of knowledge of specific
locations to compute features at, or regions to compute
their statistics in, both the feature locations and windows
are uniformly sampled from the appropriate space. The re-
sults are excellent for the salamander application presented
here and this technique has been applied to other retrieval
problems [24, 25, 27, 28].

From an appearance representation standpoint, prin-
cipal component analysis (PCA) based techniques are
more relevant. PCA has been pioneered by Kirby and
Sirovich [13] as a representation for faces which was
also developed into an effective face recognition system
by Turk and Pentland [34]. Generalizations to multiple
views [19, 21], illumination changes [19], other classes of
objects [19] have been implemented. The approach pre-
sented in this paper is different and in fact, one of the con-
clusions drawn [24] is that a differential scale-space de-
composition performs equally-well in several recognition
and retrieval tasks.

The use of Gaussian multi-scale differential features
and their representations for recognition and retrieval has
also been studied in the literature. In particular, Rao and
Ballard [23] develop an approach where multi-scale deriva-
tives are extracted from the image at key locations and
matched individually (using the so-called steerability prop-
erty and scale-shifts) with those computed in an image of
a scene. A vote count of valid matches is used to recog-
nize the presence of the object within the scene. Schmid
and Mohr [33] develop another approach where rotational



Figure 2: Unwarped and segmented Salamanders in the database. Illumination and scale variations are most prominently

present in this database.

invariants at several scales are extracted at detected fea-
ture points. These features and their spatial (angle) rela-
tionships are then used for matching. Ravela and Man-
matha [29] develop a technique for using rotational invari-
ants and their spatial relationships, but the features are ob-
tained at sampled locations in the image, and the spatial re-
lationships are enforced online during matching. The tech-
nique presented here differs from these three approaches
substantially. Rather than use features tabula-rasa, or with
local constraints, their statistics over windows are com-
puted. Such a method, we argue, explicitly represents
the variability of continuum features. Other methods [20]
that employ learning relationships between local features
or their relationships are not considered in this implemen-
tation.

Closer to the approach presented here is work by
Schiele and Crowley [32], who use multi-dimensional his-
tograms of differential features for matching. The dif-
ference is that, here, multi-scale histograms are concate-
nated and hence form a much more efficient representa-
tion. While it remains to be seen whether certain recog-
nition tasks will require the the use of multi-dimensional
representation, we have found this representation to be suc-
cessful at a number of retrieval tasks [24, 25, 27, 28]. Most
closely related to the approach presented here is work by
Nastar [18] and Dorai and Jain [2]; both use the shape-
index [12] features we do, the former at a single scale and
the latter for 3D-surfaces. Neither work uses the local ori-
entation of the gradient.

The multi-scale differential features used here can be re-
lated to commonly used texture features. In the context of
image retrieval Ma et. al. [16] use Gabor filters to retrieve
images with similar texture. Gabor jets [35] have also been
used for face recognition. A comparison between Gaussian
and Gabor filters is instructive. Gabor filters are sine mod-
ulated Gaussian functions, which can be tuned to respond
to a bandwidth around a certain center frequency. They
exhibit compactness in space and frequency, are optimal

in the sense of the uncertainty principle (time-bandwidth
product) and are complete. Gabor filters are not equivari-
ant with rotations, and separable implementations are ex-
pensive. In contrast, Gaussian derivatives exhibit the same
time-bandwidth property and although they have infinite
support, they can be safely truncated at around four stan-
dard deviations. While Gaussian derivatives have coupled
bandwidth and center frequency, in practice separate tun-
ing is not necessary. Rather, the derivatives provide a “nat-
ural” sampling of the frequency space, because they repre-
sent the orders of approximation in a Taylor series sense.
The significant advantage of using the Gaussian derivatives
is that they are equivariant with rotations [4], separable,
and efficient implementations are possible. There are sev-
eral other interesting properties and the reader is referred
to [7, 27] for a more basic review.

2 Features and Matching Algorithm

The steps involved in deducing similarity between a
query salamander image and a database image are as fol-
lows: Database images are filtered a priori with Gaussian
derivatives, and then, at each pixel, the gradient orienta-
tion and surface curvature is computed. A query image is
filtered the same way and multi-scale histograms of cur-
vature and orientation are correlated to measure similarity.
The top NV ranks are presented to the user with the objec-
tive of locating the query in the database. Below, the use
of differential features and the steps in the algorithm are
discussed.

2.1 Differential features:

The simplest differential feature is a vector of spatial
derivatives. For example, given an image I, and some
point, p, the first two orders of spatial derivatives can be
used as a feature (vector). This vector approximates the
shape of the local intensity surface in the sense of a sec-
ond order Taylor approximation. Including higher orders
produces a more precise approximation. Derivatives cap-
ture useful statistical information about the image. The first



derivatives represent the gradient or “edgeness” of the in-
tensity and the second derivatives can be used to represent
curvatures (e.g. bars, blobs).

However it is important that derivatives be computed in
a stable manner. Derivatives will be stable if, instead of
using just finite differences, they are computed by filtering
an image with normalized Gaussian derivative filters (ac-
tually any C'*° function will do [3]). In two dimensions, a
Gaussian derivative is the derivative of the function

In the frequency domain, a Gaussian derivative filter is
a band-pass filter. Computing derivatives by filtering with
a Gaussian derivative at a certain scale, therefore, implies
that only a limited band of frequencies are being observed.
Thus, in order to describe the original image more com-
pletely, a multi-scale representation is necessary. Sampling
the scale-space of the image becomes essential.

2.2 Gaussian scale-space:

The necessity of a multi-scale representation described
above can be concluded for any smooth band-limiting fil-
ter by using the commutativity of differentiation and con-
volution. The Gaussian happened to be a convenient
function; it has natural scale parameterization, smooth-
ness and self-similarity across scales. However, the Gaus-
sian is more than just convenient. There are compelling
theory and implementation related arguments for using
multi-scale Gaussian derivatives to form appearance fea-
tures. In particular, it has been shown by several au-
thors [3, 10, 15, 31, 36] that under certain general con-
straints, the (isotropic) Gaussian filter forms a unique op-
erator for representing an image across the space of scales.
Structures (such as edges) observed at a coarser scale can
be related to structures already present at a finer scale and
not as an artifact of the filter. In general, the Gaussian (lin-
ear) scale-space serves as an unbiased (without using any
other information) front end (pre-processor) for represent-
ing the image from which differential features may be com-
puted. It is beyond the scope of this document to engage
in a full discussion about the scale-space image represen-
tation and, instead, the reader is referred to the following
papers [3, 15, 31, 36, 27]. Other reasons for choosing the
Gaussian are presented in Section 1.1.

2.3 Multi-scale Histograms

The basic idea is to compute features at several scales,
generate histograms of features at each scale and concate-
nate the histograms to generate a vector for matching. It is,
therefore, necessary to extend the justification for multi-
scale features to their histograms. For the purpose of this
discussion, consider brightness as the feature and that we

are representing an image by its brightness histogram. Un-
der such a representation, it can be argued that any permu-
tation of the image produces the same histogram and hence
is admissible under matching. Obviously this is not desir-
able. However consider two images, one of a salamander
and the other a random permutation of its pixels (assum-
ing, in effect, each pixel is i.i.d). Upon diffusing both im-
ages, one finds that the histograms start to differ drastically,
with the salamander image’s histogram retaining structure
and the permuted version’s histogram approaching a nor-
mal distribution [24].

The argument being made here is that multi-scale his-
tograms weakly represent image-structure because diffu-
sion propagates pixel interactions. We contend that con-
structing histograms at several scales makes very dissim-
ilar images inadmissible. This hypothesis seems to effec-
tively be the reason for good results in experiments here
(see Section 3 and elsewhere [24]). The utility of multi-
scale feature histograms then is the same as for multi-scale
features. They provide a far better representation of image
structure than at a single scale. In contrast to using multi-
scale templates or multi-dimensional histograms, they are
more compact. Although they are global in nature, when
it is necessary to develop a more discriminating represen-
tation, they can be used like local feature-vectors when
computed in windowed neighborhoods of feature points or
sampled locations. The advantage of doing so is to repre-
sent the variability of filter responses while retaining the
advantages of a local representation. We make this choice
in experiments here by simply partitioning the image into
overlapping windows. The advantages of multi-scale dis-
tributions with brightness as the feature discussed in this
section clearly extends to histograms of differential fea-
tures because differentiation and convolution commute.

2.4 Curvature, Orientation and Matching

Several differential features can be constructed from
derivatives and several representations and methods have
been developed [23, 32, 30, 33, 28, 27, 26] for recognition
and retrieval. The choice of these features depends on sev-
eral factors, primary (among these) for this application is
tolerance to illumination and scale changes.

The first feature is drawn from the curvatures of the
isophote and flowlines curves, that is, the curvatures of iso-
intensity contours and the gradient integral curves. These
features are nothing more than the second order spatial
derivatives expressed in a coordinate frame (see [3]) and
determined by the orientation of the local intensity gradi-
ent. The isophote and flowline curvatures are invariant to
image plane rotations, monotonic intensity variations and
further, their ratios are, in practice, quite tolerant to scale
variations of the entire image. The isophote (N) and flow-



line (T) curvatures are defined as [12, 3]:

N = Ax[2LI,I, — I*1,, — I21,,] ¢y
T = Ax[Ly(I2—1I2)+ LI,(Iyy — La)] (2
A = (I2+1%)°3 3)

I, = I,(p,o) and I, = I,(p, o) are the first order par-
tial spatial derivatives of image I around point p, computed
using Gaussian derivative at scale o. Similarly, I, I,
and I, are the corresponding second derivatives. The
isophote curvature N and flowline curvature T are then
combined into a ratio called the shape index, expressed as
follows [12, 2, 18]: C' = [0.5 — 2 x atan{+L]. The shape
index is in the range [0,1] and the index value C is unde-
fined when either N and T are both zero, and is, therefore,
not computed. This is interesting because very flat por-
tions of an image (constant or constant slope in intensity)
are eliminated.

The second feature used is local orientation. Local ori-
entation is the direction of the local gradient. Orientation is
independent of curvature and is stable with respect to scale
and illumination changes. The orientation is simply de-
fined as P = atan2(Iy, I,;) Note that P is defined only at
those locations where C is, and ignored elsewhere. As with
the shape index, P is rescaled and shifted to lie between the
interval [0,1].

In summary, the starting point for constructing a repre-
sentation is the use of two non-linearly transformed first-
and second-order differential features. Both these fea-
tures exhibit tolerance to global illumination changes and
isotropic scale changes.

Feature Histograms: Histograms of the shape index
and orientation are used to represent the distributions of
features over an image. Histograms form a global rep-
resentation because they capture the distribution of lo-
cal features and they are the simplest ways of estimat-
ing a non-parametric distribution. In this implementation,
shape-index and orientation histograms are generated at
several scales and represented as a one-dimensional record
or vector. The representation of the image I is the vec-
tor V; =< He(01) ... He(on), Hp(o1) ... Hp(op) >. He
and H,, are the curvature and orientation histograms re-
spectively.

Matching feature histograms: Two representations
are compared using normalized cross-covariance defined

vy m
W\\‘?@W)H’ where V;(m) = Vi — mean(V;).
The query histogram vector V; is compared with each
database histogram vector V;. The corresponding images
are ranked by their score. We call this algorithm the 1D
curvature/orientation or CO-1 algorithm.

as dij =

3 Salamander Recognition

The database used for obtaining the salamander was col-
lected over a four year period (99-02), from fourteen dif-
ferent sites. Multiple images of salamanders may be taken
at a single time and other instances of the same individual
may be obtained at different sites and different times. The
total number of database images used in this experiment
was 370 and 69 queries were used to test the algorithm.

The algorithm was parametrized as follows. Each sala-
mander image is divided into 5 overlapping windows along
the length of the salamander with a 25% overlap. Eight
scales were used in half-octave steps (1...8v/2). Ten
bins each were used for shape-index and orientation fea-
tures. The shape-index and orientation histograms were
computed in each window at all eight scales and the his-
tograms across the windows were concatenated to gener-
ate the image representation. Under this parameterization,
each image requires approximately 3.2KB.

The parameters used here for bins, scales and win-
dows follows extensive experimentation in another re-
trieval task [25]. It was shown that the CO-1 algorithm
is insensitive to bin variations and hence only 10 bins were
chosen. It was also shown that in the absence of particular
scales to associate a pixel with, half-octave spacing of five
to eight scales suffices for many retrieval scenarios.

The evaluation of the algorithm is fairly straightfor-
ward. With one exception, all the queries had one rele-
vant image in the database. We simply count how many
queries were correctly recognized in the N ranks, where
N ranges to 5, the upper limit of how many retrievals the
user is willing to peruse in the field. The performance of
the algorithm is depicted in Table 1, where we see that ap-
proximately 91% recognition rate is achieved.

In Figure 3, five pairs of correct recognition instances
are shown. The salamander images on the left are queries
and the ones on the right are the retrievals at rank 1. These
pictures depict the performance of the algorithm under in-
teresting variabilities that include illumination changes and
anisotropic scale changes. In one instance (third row) the
salamander seems to have lost some weight. Note that all
the pairs shown here come from different sites and there-
fore at different times.

In Figure 4, three examples of incorrect recognition are
shown. Each row depicts a query on the left, the image re-
trieved at rank 1 in the middle and the relevant image on
the right. The first image shows a large specularity in the
query, an artifact of the imaging setup used for this acqui-
sition. In this instance, the images were taken at night, by
shining a bright light at the salamander. We have since
modified the apparatus to be more uniform and diffuse,
with an array of LED lights providing the illumination (see
Figure 1). The second mismatch (second row) is obvious



Rate at Rank 1 2 3 4 5
50/69 54/69 60/69 61/69 63/69

Table 1: The performance of MGDF method on Salamander Recognition

Figure 3: Correct salamander recognition examples. Each pair of images in a row depicts the query on the left and the
recognized image on the right. All the recognized images were at rank 1.

R ILT SIS - —uried W 19 IVEND ~ausis SIS

Figure 4: Incorrect salamander recognition examples. Each triplet of images in a row depicts the query on the left and the
recognized image in the middle and the relevant image in the database on the right.

to explain because it was imaged without the apparatus it is the specular reflection (see right image) that causes the
and the salamander was not segmented. In the third row, mismatch and not the clipping of the tail in the query.



4 Summary and Conclusions

The results presented in this paper are very exciting for
the following reasons. First, we started with the premise
that the pattern on the back of a marbled salamander makes
it amenable to appearance-based recognition. This hypoth-
esis holds thus far. Second, the shape-index and orientation
based method continues to demonstrate wide applicability.
Both these features are insensitive to scale changes as are
their histograms. The power of recognition substantially
comes from the use of multi-scale histograms, which we
argue narrows the admissible set of permutations of the
image. To a lesser extent, the partitioning of the image
into windows contributes to good results [24]. It is unclear
if using networks of filter responses used at select feature
points in the image will improve these results but that test
has not yet been conducted. Our approach is to use distri-
butions of filter outputs to represent the variability of the
image or its locales. Given that this algorithm is fairly suc-
cessful without any preprocssing of the brightness image
(after unwarping), we are encouraged to scale this tech-
nique to a database of an order of magnitude larger and
deploy it in the field.

The algorithm performs well with simple cross-
covariance and no learning involved with respect to any
of the parameters. We do not discount the necessity or po-
tential for learning; however, we have observed that a rep-
resentation based on the differential decomposition of the
image at multiple scales is giving comparable performance
to one based on learning a compact representation from the
data, namely PCA [25].

This paper also indicates the next steps to be taken. The
first of these is to develop an algorithm for removing spec-
ularity. Since the color of the specular reflection is the
color of the illumination source, it may be possible to re-
move specularity using our new LEDs that produce light
with a blue hue in contrast to the near black-white sala-
mander images. The second improvement sought is scale-
selection. Although the choice of scales presented here is a
rather unbiased one, selecting scales [15] to associate with
pixels may compact the representation even further and is
an interesting research question. Finally, getting to 100%
within the top 5 ranks is a pressing goal and we are explor-
ing Bayesian and other statistical techniques to overlay on
top of the image representations developed here.
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