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1 Introduction

Morphological landmarks are points that can be located precisely and establish an unambigu-
ous one-to-one correspondence among all the specimens and are widely used in shape analysis
(Bookstein, 1991; Dryden 1998). This framework has been widely adapted to specific bio-
logical contexts such as genetics, geographic differentiation and the study of morphological
integration etc. Precision of the landmark data is a very important factor for these studies,
and therefore it has become imperative to establish a reliable and accurate technique for such
purposes. Automated methods for such tedious tasks would not only prove to be an efficient
implementation, but will also eliminate any source of errors (e.g. repeatability and variability
between the individuals collecting the data) and would be an important area of development in
the field of morphometrics.

The proposed method extracts features from the images of the fly wings using the knowledge
of the composite nature of the features and the noise characteristics in the image. Edge de-
tection simplifies image analysis by drastically reducing the volume of data to be processed
whilst preserving the significant structural information in the image. The extracted edge map
(figure: 1(a)) is useful in defining the location and shape of the features in the image, and in
this case the landmarks. The edge detectors are often operated with arbitrary parameters such
as thresholds which directly contributes to the efficiency of the algorithms, and quite often
these are determined by trial and error methods. However, such methods are unstable across a
range of datasets, and therefore trying to understand feature detection in terms of conventional
statistical methods would be a good resolve.

2 Methods

In this study it is shown how the idea of an hypothesis test (Neyman, 1937) can be used for sig-
nificance testing (feature detection process) and that provided there is the same null hypothesis
distribution everywhere in an image, applying hypothesis testing is the same as thresholding.
We could attempt to construct a decision system based upon the Bayes theorem, but this could
never be properly characterised for arbitrary scenes1. Since we generally know something re-
garding the sensitivity of our measurement system (image noise), we can compute the equivalent
of a null hypothesis for the detected feature being entirely consistent with the noise processes.
This has a fully quantitative, and therefore testable, interpretation based upon noise rejection.

The image content consistent with the null hypothesis is defined as any theoretical 2D structure
which would generate a zero response for noise free data, that is, any feature response being

1We cannot construct a meaningful quantitative test based directly upon the presence of the feature, as we do
not know a-priori the characteristics of any features present.
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detected is just noise. To prove otherwise, ie., to detect the feature of interest, there should be
sufficient evidence to reject the null hypothesis. Testing the probability of the null hypothesis at
a particular value is equivalent to thresholding the feature response (or any monotonic function
thereof) at a particular value “t”. The threshold value, “t” will apply a consistent hypothesis test
to the entire image provided that the effects of noise in the input image is uniform on the feature
enhancement image. Such a behaviour will naturally result in a ‘robust’ response to image data.

The first order analysis (error propagation) provides an understanding of the effects of noise,
and provides a necessary but not sufficient condition for algorithm stability. For any function,
f(y) = x, a small change δx in x, can cause a change δy in the function f(y). This change in the
function, δy can be estimated by taking the partial derivatives of the function, f(y) with respect
to x and considering the small change δx asδy = dy

dx
δx. Thereby, any change in the function, that

depends on a variable x, can be calculated from the amount of change on the variable x itself.
For the specific case of convolution of an image, the output image can be represented as below:

f(x,y) =
∑

m

∑

n

GmnI(x+m,y+n). (2.1)

Any change σ in the input image I, will cause a change δf in the output image f . Therefore, the
change in the output image can be calculated from estimates of the variance in the input image.
For uniform independent random noise σ, this can be represented as:

δf 2
(xy) =

∑

m

∑

n

G2
mnσ2. (2.2)

It is evident that any change in the output image is directly proportional to the changes in the
input image and spatially non-varying irrespective of the specific convolution. Therefore, per-
forming Gaussian convolution or applying a linear operator such as the Difference of Gaussian
(DoG)2 filter does not introduce any arbitary spatial dependency on the noise process in the
output image. To detect the ridges3 (veins) in the images of fly wings, the optimal filter would
be the one that has a similar profile to those of the ridges (figure: 1(b)) and it is expected to give
a zero response for non feature regions (such as uniform or gradually varying background).
This would be consistent with the application of a threshold as a hypothesis test while giving
a maximal response to the ridges (features that we are interested in, namely the wing veins).
However, different wing profiles can only be accommodated with a single edge detector if the
significance of the data away from the centre of the ridge is gradually minimized (radial weight-
ing). The shape of the wing profile combined with the need for some kind of radial weighting
in the detection process can be interpreted as a likelihood estimate for the scale of local image
structure (Appendix A).

Radial weighting allows us to define a zero response for uniform background regions by pro-
viding a finite extent to any negative portions of the template. Therefore, the Gaussian filter is
slightly transformed (figure: 1(c)) to meet this criteria. The respective standard deviations of the
Gaussian convolutions (for DoG) in this algorithm are always taken to be in the ratio 1:2. The
DoG filter has the advantage of being radially symmetrical and will therefore enhance features
such as ridges at all orientations equally.

2Difference of two Gaussian filters with varying standard deviations i.e., (σ = σa − σb; where a : b = 1 : 2)
3Extended local maxima/minima in the local image region.
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(a) (b) (c)

Figure 1: Feature detection in the digital image of a fly wing. (a) Features detected in the fly
wing image. (b) Wing Profile (intensity changes: non-vein vs vein region). (c) Difference of
Gaussian (kernel shape).

Following the analysis presented in Appendix A, a DoG filter with convolution widths differing
by a factor of two (Gσ − G2σ), can also be written as:

exp(−r2/8σ2)
√

2π2σ
(2 exp(−3r2/8σ2) − 1) (2.3)

corresponding to a radial Gaussian weighting of width 2σ and an offset Gaussian template t′ of
width

√

4/3σ. This enhancement stage thus contains the features required to produce a locally
maximal response when centered over fly wing features as described in the previous section.
The orientation of the ridge, θ is defined as the direction of maximum second derivative in the
difference of Gaussian image.

Hσ(x, y) =

[

d2hσ

dx2

d2hσ

dxdy
d2hσ

dydx
d2hσ

dy2

]

with θ = atan2

[

d2hσ

dxdy

d2hσ

dx2 −
d2hσ

dy2

]

(2.4)

The difference of Gaussian feature enhancement and the corresponding orientation estimate can
now be substituted into the popular Canny edge detection framework (Canny 1986), which in-
corporates non-maximal suppression (for detection of an enhanced ridge) and hysteresis thresh-
olding (for stable detection of connected edge structures close to the noise floor).

3 Discussion

This paper outlines the extension of a framework consistent with the Canny step edge detector,
for use in more general feature detection tasks. The argument is that the main framework for the
detection of connected features is inherently stable, and can be interpreted as consistent with
the use of statistical hypothesis testing. The features selected can be adjusted for the purpose of
locating alternative structures, provided that we substitute the feature enhancement stage (local
gradient estimation in Canny) with another which has stable noise characteristics. We show
how the theoretical shape of the convolution kernel required for enhancement of any specific
feature profile can be derived from a likelihood based definition of feature detection.

The ridge detector was evaluated for the task for locating landmarks by analyzing the specific
characteristics of noise and scale stability (TINA Memo. 2006). Only by ensuring that the data
under analysis falls within the expected range of these two aspects we can be confident that the
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method is suitable for use. A series of performance criteria including accuracy, precision and
consistency of the system are also being addressed.

Appendix A

It is a general notion that features in an image I can be enhanced, ready for threshold detection, using a
convolution with a kernel shaped similar to the feature t.

[f(x, y) =
∑

ij

t(i, j)I(x + i, y + j)] (3.5)

For an image with independent random Gaussian noise of width σ we can write the likelihood for a
template t′ describing an image region as:

[L =
∑

ij

(α(x, y)t′(i, j) − I(x + i, y + j))2

σ2 + var(t′)
], (3.6)

where var(t′) is the variance (ie: the accuracy) of the assumed template, and α is a scale factor defining
the strength of the linear contribution of t′ to the image. Assuming that var(′t) is independent of α, the
likelihood estimate of α is,

[α(x, y) =
∑

ij

t′(i, j)I(x + i, y + j)

σ2 + var(t′)
]. (3.7)

This justifies using the template

[t =
t′(i, j)

σ2 + var(t′)
]. (3.8)

Exact knowledge of the template within a defined region, and ignorance elsewhere leads directly to
t = t′. However, it is also sensible to assume that our knowledge of the expected template reduces away
from the centre (ie: a radial weighting) such as,

[t =
t′(r, θ)

σ2 + w(r)
]. (3.9)

For example w(r) may be set to give an overall Gaussian weighting,

[t = t′G(r) with w(r) = 1/G(r) − σ2]. (3.10)

Notice, that from a matching perspective this does not give a unique interpretation for any particular t ′,
as there are an infinite number of possible weightings we can use in the construction of a specific t.
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