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1 Introduction

We present an automated system for the analysis of edge basedstructure for use in morphomet-
ric studies. The current work takes a grey level image of aDrosophilawing as input and extracts
the coordinates of 15 landmarks. The proposed method extracts the ridges (linear features such
as wing veins) using the knowledge of their known grey level profile and the noise character-
istics of the image. This approach has been shown to be statistically valid (Palaniswamyet
al., 2006). The ridges obtained are approximated by line segments and the geometric relation-
ships between them are encoded in Pairwise Geometric Histogram (PGH), an approximation
to the probabilistic density function for the geometric co-occurrences in the data (Evanset al.,
1993). Shape correspondence is determined by comparing andmatching the PGHs of the scene
and model data. A probabilistic Hough transform (robust likelihood) is used to determine the
hypothesised landmark location. Sub-pixel estimation of the landmark location is performed
by template matching, i.e., correlating a small region around the Hough estimated landmark
location.

We show that a single training image with its landmark coordinates is enough to indepen-
dently estimate the landmarks of any individual within a particular dataset. However, the reli-
ability and accuracy of the method can be further enhanced byusing multiple training images.
Multiple estimates also offer the possibility of accuracy assessment, an important aspect of any
scientific study. The precision, repeatability and robustness of the algorithm have been evalu-
ated here as a pilot study. Although some predictions regarding reliability can be made with a
small sample, a further study will be carried out on a larger sample to test the reliability of the
system on scientific studies.

2 Methods

The analysis system is constructed from four stages; a feature-based detection of fly wing struc-
ture, correspondence matching based upon the PGH representation, global location of the wing
using a Probabilistic Hough transform, and finally correlation based refinement of individual
features. We evaluate this system and compare quantitativeresults to manually digitised data
below.

2.1 Ridge detection — an extension to the Canny framework

The wing veins are extracted as ridge features, using a method which is a modification of more
conventional edge detectors (Canny, 1986). This extractededge map can be used to determine
the precise location of landmarks and the uniformity of noise in the feature enhancement stage
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guarantees that this process is inherently stable. The whole process can be interpreted as a
statistical null-hypothesis test for the presence of the defined feature (Palaniswamyet al., 2006).

2.2 Pairwise geometric histograms

The extracted edge-map is approximated by line segments andthe geometric relationships be-
tween each pair of line segments are encoded in the pairwise geometric histograms. This is an
approximation to the probabilistic density function,

Hi(θ, d) = P (θi − θj , dij|ei) (1)

for the geometric co-occurences of an edgeej givenei as a function of relative angleθi − θj and
perpendicular separationdij . This is a well established method of shape representation based
on recording the distribution of pairwise geometric relationships between local shape features
which can support recognition and there is considerable robustness to the loss of data due to
fragmentation noise and occlusion (Evansat al., 1993). The scale of binning and extent of
blurring of the entry defines the extent of allowable differences when matching similar shapes.

Shape recognition is done by identifying the correspondences between image and object fea-
tures. Shape representation comprises many geometric histograms, each representing a single
model feature. The degree to which a linear edge feature in the test image matches a partic-
ular model feature can be determined by comparing their histograms. The degree of match
between them is given by the Bhattacharrya measureBij, which takes the form of a dot product
correlation of the histograms of linesHi andHj.

Bij =

2π
∑

θ

dmax
∑

d

√

Hi(θ, d)Hj(θ, d) (2)

This can be related, via theχ2 variable, to a maximum likelihood similarity metric and canbe
derived as an approximation to Fisher’s Exact test as a method for comparing two distributions.
The hypothesised matches can then be used as input to a pose estimation algorithm such as the
generalised Hough transforms.

2.3 Hough transform

A probabilistic Hough transform (robust maximum likelihood), is used to make an estimate
of the global position and orientation of each wing. Entriesin the 2D location histogram are
made according to the localisation covariance, propagatedfrom the errors on the constraint
lines. This takes proper account of errors, resulting in improved robustness and more accurate
determination of model position, orientation and scale in comparison to the more conventional
form of this algorithm. The entries in the Hough arrays are constructed from pair of lines(n, m),
i.e., a tuple transform. The equivalent probabilistic formfor the Hough transformH(x, y) used
to find the position of a model in a scene is given by the expression,

H(x, y) =

N
∑

n

N
∑

m

log(p(x, y|n)p(x, y|m)) =

N
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n

log(p(x, y|n))

N
∑

m

log(p(x, y|m)) (3)

so that the Hough entry can be considered as the square of the robust log likelihoodL(x, y) for
the localisation of the object,

H(x, y) = L(x, y)2 = (

N
∑

n

log(p(x, y|n)))2 (4)
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During array constructionHnm = log(p(x, y|n)p(x, y|m)) is estimated from a 2D Gaus-
sian distribution centered at the the position of the model hypothesised by the(m, n)th pair
of scene line labels with variance propagated from the individual line location errors. This
tuple-based construction helps to remove background noisefrom the Hough array and has some
computational advantages. The variability of the line segmentation process and the uniform
error on the scale estimates are independent and are adjusted to give a quantitative estimate of
the hypothesised location of a pre-defined reference point from pair of scene lines. Training
from example data involves recording the perpendicular distance from each model line to the
reference point. Consequently, for each pair of scene lines, extended lines at the appropriate
perpendicular distance will intersect at the hypothesisedposition of the reference. Error at the
point of intersection can be estimated by standard error propagation. For each model position
determined, a 1-parameter orientation Hough transform and1-parameter scale Hough transform
can be constructed from entries selected on the basis of consistency between the scene lines and
model position.

2.4 Template matching

The above Hough scheme computes an estimate of landmark position based upon global wing
shape. As we need to determine variations in shape for the morphometric study this estimate
needs to be refined based upon local image evidence. To obtainthis estimate, template matching
is performed on the Difference of Gaussian image of the sceneD(I) and model (example mark-
up)D(M) data, over a small region around the Hough estimate for the feature in the scene data.
To save processing time during alignment, the scene data is rotated to match the model data
using the Hough estimate, which is assumed to be sufficientlyaccurate for final location of
the landmark. The use of the Difference of Gaussian images eliminates any image illumination
offset and the matching is performed as a dot-product correlation in order to eliminate the effects
of illumination scaling,

Lhxhy
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√
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D(I(x + hx, y + hy))2 (5)

where,R is the region size. This is directly equivalent to performing a least squares compari-
son of the image regions with one free grey level scale parameter. The best possible match is
identified and that location is transformed back onto the scene image. The least-squares dif-
ference between the two scale image regions is stored so thatthe best matching examples can
be selected for final estimation of landmark position (see below). This quality control feature
not only allows a check on the adequacy of the example mark-ups but also eliminates residual
problems in alignment estimation, such as poor rotation estimates.

3 Results

The accuracy of the system is assessed using multiple reference images (multiple models). The
results show that the landmarks can be located more precisely in cases where the model features
are a good match to the scene data. Appropriate model features can be chosen by computing
the degree of least-squares match between the model and the test feature and taking an average
of the best matches available. It can also be applied as a quality control approach to determine
the adequacy of the selected training examples.
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Figure 1: Best Least Squares Match.

The figures 1(a) & 1(b) show the system performance with an average of the best 3 of 5
reference images and best 5 of 11 reference images using the least squares match. It can be seen
that most of the landmarks in the sample dataset have been located within +/-3 pixels accuracy.
In comparison, the precision of the manual digitisation is estimated to be around +/- 1 pixel.
The system was tested for robustness in noisy images with1̃0 times more additive noise than
the original image and the results showed that the system wasquite stable to noise and located
landmarks within +/- 4 pixels accuracy.

4 Discussion

The pilot study will be scaled up with minor modifications andthis automated method will be
used in a scientific study with a large dataset of 1600 images of different species ofDrosophila.
This analysis should enable us to test other performance aspects of the system, such as its
reliability, robustness (in scenarios of debris/bristleslying across the features etc.,) and to eval-
uate any difficulties regarding the practical use of this dataset. The generic nature of object
recognition and feature location incorporated in this automated system enables easy modifica-
tion to locate features in a variety of other organisms. The method is intrinsically robust to
changes in shape and based firmly on the statistical interpretation of data analysis. Such an
automated method without any manual intervention has majorpotential advantages to major
research groups in the morphometrics community and will easily be transferable to research
groups in other relevant field of study. The algorithms will be made available as an open source
package via our websitewww.tina-vision.net & www.flywings.org.uk.
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