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Abstract

Our aim is to develop a completely automated and reliable systemto identify morphological landmarks
in digital images. The performanceof the systemis aimed to replicate manual digitization with equiv-
alent accuracyand reliabilit y, basedupon a small number of training examples. The analysissystemis
constructed from four stages;a feature baseddetection of y wing structure, correspondencematching
basedupon the pairwise geometric histogram (PGH) represenation, global location of the wing using
a Probabilistic Hough Transform (PHT), and nally local correlation basedre nement of individual
features. We evaluate this systemand compare quartitativ e results to manually digitized data.

1 Background

Morphological landmarks are points that can be located precisely and establish an unambiguous one-to-onecorre-
spondenceamong all the specimensand are widely usedin shape analysis [1]. Points like the tip of the noseor
the outer corner of the left eye are possiblelandmark points of the human face. Analysesof shape investigate the
arrangemert of landmark points relative to ead other. A substartial body of statistical methods is available for
the analysis of con gurations of landmark points [2].

This framework of shape analysis by landmarks is increasingly usedin many biological and medical applications
and widely applied in many other elds. The con guration of landmarks have helped identify the possiblesource
of re-infesting specimensand encourter the epidemiologically challenging vectors of Chagas disease [3]. The
potential of using geometrical morphometric techniques as an invaluable tool for recognizing taxonomic data is
being explored [4]. Other sciertic applications include investigating the study of size and shape to examine
the e ects of experimertal treatments, genotype or other factors directly in the anatomical aspect. The use of
landmarks has been adapted to speci ¢ biological contexts such as genetics [5, 6, 7]; geographicdi eren tiation
[8], and the study of morphological integration [9, 10].

The processof identifying the landmarks is an important and labour-intensive part of any suc analysis. Presertly,
this is usually done manually. Plugins for the ImageJ software (for digitizing the standard sets of landmarks)
increasesspeedand reliabilit y over a completely unaided process [11]. Howe\er, there is still a requiremert for an
obsener to manually identify ead landmark point and therefore this processcan be time-consuming, and quite
often, the researd questionsare dependart on the duration of obtaining these data.

Developing an automated systemfor locating landmarks in digital imagesof Drosophilawings is largely signi cant,

asit is an excellert model for the study of geneticsof developmert and evolution of morphological form [12, 13].
They contain a wealth of interesting biological information and its simple, at, two dimensional structure enables
corveniert handling. Therefore, automation has numerous advantages over a manual system, asit will not only
diminish the labour neededfor shape analysis, but it alsowill eliminate the sourceof error (mistakesmade during

digitizing and subtle di erences between obseners). Furthermore, automatic extraction of features from images
can potentially changethe way in which landmarks are chosenfor morphometric studies. Whereasthe traditional

approad requireslandmarks to be chosena priori, basedon outside knowledge of the study system, the approac
using automated image analysis raisesthe possibility to identify and extract features from the total information

contained in the imagesthat are maximally informativ e in the context of a particular researd project.

There have been previous attempts to automate the processof landmark location on the Drosophila wing. In
[13], the operator initiates the processby marking two landmark positions and the system ts a seriesof spline
curvesto the margin and the veins of the wing, and de nes the landmarks as the intersectionsof the splines. The
drawbadk of this systemis that the landmarks are not always at the exact location of the intersection of veinsand
the splinesmay not exactly match the veins (becauseof the "sti ness" of the spline interpolation) and the system
has problemsidentifying wings of specieswith highly melanizedspots at the intersections.

Another such system to locate the landmarks on digital images of bee wings is being deweloped at the Paris
National Museum of Natural History [14]. This system applies the techniques of mathematical morphology and
skeletonization to obtain the landmarks. However, using these techniques are not guaranteed to be robust. The
method also requires human intervention in terms of loading the data and identifying the initial set of points to
start the processand the pre-processingstep includes certain parametersthat have to be set by the operator.



Other similar automated systemsinclude the Digital Automated Identi cation SYstem (DAISY) which was de-
veloped whilst attempting a novel approach to identify insect specimensfrom the images. Principal componernt
auto-assaiative memoriesand trainable classi ers are exploited to identify closelyrelated parasitic waspsbasedon
their wing venation and pigmentation patterns [15]. This systemhasbeendesignedto identify seweral organismal
groupsin real time and it successfullyclassi es data into morphologically similar classesand provesto be a very
useful and practical tool for taxonomic identi cation of various species. The internal algorithms are basedupon
the useof a pairwise geometric histograms (PGH) represenation,which is usedto establish shape correspondence.

2 Intro duction

We presernt an automated system for the analysis of edgebasedstructure for usein morphometric studies. The
current work takesa grey level image of Drosophila wing as input and extracts the coordinates of 15 landmarks
(Figure 1). A typical shape analysisrequiresseeral hundred imagesand identifying theselandmarks is a laborious
process.An automated method to extract thesefeaturescan potentially improve the methodology with which the
landmarks are identi ed via improved standardization and accuracy

Figure 1: 15 Landmark locations on Drosophila wing (Image courtesy: [11]).

The proposedmethod extracts the ridges (linear features such as wing veins) using the knowledge of their known
grey level prole and the noise characteristics of the image. This approach has been shown to be statistically
valid [16]. The ridges obtained are approximated by line segmeits and the geometric relationships betweenthem
are encaded in PGH, an approximation to the probabilistic density function for the geometric co-occurrencesin
the data [17]. Shape correspondenceis determined by comparing and matching the pairwise histograms of the
sceneand model data. A probabilistic Hough transform (robust Lik elihood) is usedto determine the hypothesized
landmark location (Figure 2). 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 independertly estimate the
landmarks of any individual within a particular dataset. Howewer, the reliabilit y and accuracy of the method can
be further enhancedby using multiple training images. Multiple estimates also o er the possibility of accuracy
assessmet an important aspect of any scierti ¢ study. The precision, repeatability and robustnessof the algorithm
have been evaluated 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 sampleto test the reliabilit y of the systemon scierti c

studies.

3 Metho ds

3.1 Data Acquisition

Data acquisition is carried out by mounting the y wings in rows on a microscopic slide and attening with a
coverslip. The digital imagesare obtained using an appropriate digital camera mounted on the microscope and
attached to a computer. A calibration image is generally obtained along with ead of the dataset to standardize
the di erence in magni cations betweendi erent dataset. The anatomical landmarks can be easily collected in
two dimensionsfrom digital imagesand this approac is quite useful in evolutionary researd as the landmarks



can be collected from non-model organismsor even fossils. The X & Y co-ordinatesof theselandmarks are usually
obtained by manually digitizing the location of theseco-ordinatesappropriately basedon their anatomical context.
Specialized algorithms and plugins can be usedto semi-automate the processand to enhancethe speed of the
digitization.

3.2 Analysis

The analysissystemis constructed from four stages;a feature-baseddetection of y wing structure, correspondence
matching basedupon the PGH represertation, global location of the wing using a Probabilistic Hough transform,
and nally correlation basedre nement of individual features. We evaluate this systemand compare quartitativ e
results to manually digitized data below.

3.2.1 Ridge Detection- An extension to Canny framew ork

The wing veins are extracted as ridge features, using a method which is a modi cation of more convertional edge
detectors. We locate thesefeaturesusing a matched Iter approad, approximating the vein pro le asa Di erence

of Gaussians.Local maxima in responseare then passedinto a more corvertional hysteresisthreshold and linking

system, based upon the popular Canny [18] system, in order to extract connected structures. This extracted

edge map can be used to determine the preciselocation of landmarks. The uniformity of noisein the feature
enhancemen stageguaranteesthat this processis inherertly stable. The ridge detector hasbeenoptimized for the

task of locating landmarks by analyzing the speci ¢ characteristics of noiseand scalestability. The whole process
can be interpreted as a statistical null-hypothesistest for the presenceof the de ned feature [19].

3.2.2 Pairwise Geometric Histograms

The extracted edge-mapis approximated by line segmeis and the geometric relationships between ead pair of
line segmeits are encaded in the pairwise geometric histograms. This is an approximation to the probabilistic
density function,

Hi(;d) = P(i  jidjje) (1)

for the geometric co-occurencesof an edgele; given g asa function of relative angle ; j and perpendicular
separation dj . This is a well establishedmethod of shape represeration basedon recording the distribution of
pairwise geometric relationships betweenlocal shape featureswhich can support recognition and there is consider-
able robustnessto the lossof data due to fragmentation noiseand occlusion [17]. The method is also known to be
complete, in that the original structure of the object can be reconstructed from the set of histograms describing
a shape. This represenation is invariant for portions of the samelinear feature sothat it can be constructed by
consideringa linearization of the edgemap. The importance of a pair of line segmens de ning the represenativ e
shape can be encaded by entering the product of their lengths at the value of the ertry. The entry is blurred along
ead axis to encale the uncertainty regarding the true position and orientation of eat line segmei. The scaleof
binning and extent of blurring de nes the extent of allowable di erences when matching similar shapes.

Shape recognition is done by identifying the correspondencesbetweenimage and object features. Shape repre-
sertation comprisesmany geometric histograms, eac represerting a single model feature. The degreeto which
a linear edgefeature in the test image matchesa particular model feature can be determined by comparing their
histograms. The degreeof match betweenthem is given by the Bhattacharrya measureB; , which takesthe form
of a dot product correlation of the histograms of lines H; and H;.

R e § —————
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This can be related, via the 2 variable, to a maximum likelihood similarity metric and can be derived as an
approximation to Fisher's Exact test asa method for comparing two distributions. The hypothesizedmatchescan
then be usedasinput to posean estimation algorithm sud asthe generalizedHough transforms. Scaleindependert
recognition can be achieved by represerting an object at a range of scales[20]. Howewer, this property of the PGH
represenation was not required in our study and therefore was not utilized.



3.2.3 Hough Transform

A probabilistic Hough Transform (robust maximum Lik elihood), is usedto make an estimate of the global position
and orientation of eadh wing. Entries in the 2D location histogram are madeaccordingto the localization covariance,
propagated from the errors on the constraint lines. This takes proper accourt of errors, resulting in improved
robustnessand more accurate determination of model position, orientation and scalein comparisonto the more
corvertional 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 form for the Hough transform H (x; y) usedto nd the position of
a model in a sceneis given by the expression,
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sothat the Hough entry can be consideredas the square of the robust log Likelihood L(x;y) for the localization
of the object,

X
H(xy) = L(xy)> = ( log(p(x; yjn)))? (4)

n

During array construction Hp, = log(p(X; yjn)p(x; yjm)) is estimated from a 2D Gaussiandistribution certered
at the the position of the model hypothesized by the m; nth pair of sceneline labels with variance propagated
from the individual line location errors. This tuple-based construction helps to remove background noise from
the Hough array and has some computational advantages. The variability of the line segmeration processand
the uniform error on the scaleestimatesare independent and are adjusted to give a quartitativ e estimate of the
hypothesizedlocation of a pre-de ned referencepoint from pair of scenelines. Training from exampledata involves
recording the perpendicular distance, 'd', from ead model line to the referencepoint. Consequetly, for eat pair
of scenelines, extended lines at the appropriate perpendicular distance will intersect at the hypothesizedposition
of the reference.Error at the point of intersection can again be estimated by standard error propagation.

Models can be located basedon the positions, orientations and scaleshypothesizedby sceneline labels. However,
the orientations and scalesof the models are not determined explicitly. This can be determined separately using
1-parameter Hough transforms. For eat model position determined, a 1-parameter orientation Hough transform
and 1-parameterscaleHough transform can be constructed from ertries selectedon the basisof consistencybetween
the scenelines and model position. The orientation is determined from the di erence in orientation betweenthe
sceneline and model line to which it matched. Comparing the perpendicular distance from the sceneline to the
model position to this samedistance in the model itself would yield the scale. Peaksin these Hough transforms
would give the orientation and scaleof the model at that position in the scene.

(&) Flywing image with model (b) Peak in the Hough trans-
overlaid. form.

Figure 2: Hough transform located 15th landmark.

3.2.4 Template Matc hing

The above Hough scheme computesan estimate of landmark position basedupon global wing shape. As we need
to determine variations in shape for the morphometric study this estimate needsto be re ned basedupon local
image evidence. To obtain this estimate, template matching is performed on the Di erence of Gaussianimage of
the sceneD (1) and model (example mark-up) D (M) data, over a small region around the Hough estimate for the



feature in the scenedata. To save processingtime during alignment, the scenedata is rotated to match the model
data using the Hough estimate, which is assumedto be su cien tly accuratefor nal location of the landmark. The
use of the Di erence of Gaussianimageseliminates any image illumination o set and the matching is performed
asa dot-product correlation in order to eliminate the e ects of illumination scaling,

%
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where, R is the region size. This is directly equivalent to performing a least squarescomparison of the image
regions with one free grey level scale parameter. In this study, the denominator is presumedto be constart to
save time on the computationally expensive calculations. The best possiblematch is identied and that location
is transformed badk onto the sceneimage. The least-squaresdi erence betweenthe two scaleimage regions is
stored so that the best matching examplescan be selectedfor nal estimation of landmark position (seebelow).
This quality control feature not only allows a ched on the adequacyof the example mark-ups but also eliminates
residual problemsin alignment estimation, suc as poor rotation estimates.

4 Results

4.1 Precision of manual digitization

The precision of manual digitization by an expert is determined by determining the deviation (di erence between
the value of each attempt and the mean) of 10 repeats of digitization of a single image. The outcome shows that
it is within arange of +/- 1 pixel (Figure: 3).

Figure 3: Reproducibility of landmark location over 10 repeats-marual digitization.

4.2 Accuracy of the template matc hing relativ e to manual digitization

To test the e ciency of the template matching stage, the feature (landmark 12) that was signi cantly variant
in comparisonto other landmarks was taken. Figure 4(a) shows the positions of the landmarks located by the
Hough transform relative to the landmark locations digitized manually. The Hough transform locates most of the
landmarks within a range of +/-20 pixels. This provides an estimate of the range that the correlation seartc must
operate over, and is usedto de ne a “window size'parameter. During initial testing, by ensuring that the window
sizeis large enough,we can be certain that the landmarks can be located reliably. The re nement by the template
matching strategy is shown in Figure 4(b) indicating the improvemert in accuracyto be within a range of +/-6
pixels on the X-axis and +/-3 pixels on the Y-axis.

4.3 Accuracy of the automated system

The accuracy of the systemis assessedising multiple referenceimages(multiple models). The results show that
the landmarks can be located more precisely in caseswhere the model features are a good match to the scene
data. Howevwer, it is quite unlikely that the model chosenwould be suitable for all the featuresto be estimated.
Therefore, it is important to choosea set of appropriate model featuresin the training data that can best match
with the given test dataset. This can be achieved by computing the degreeof least-squaresmatch between the
model and the test feature and taking an average of the best matches available. Since, the preciselocation of
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Figure 4: Hough transform & template matching performance.

certain features (eg., landmark 12 due to its structural complexity) can be quite challenging in cortrast to most
other features, the degreeof least-squaresmatch can also be applied as a quality control approac to determine
the adequacyof the selectedtraining examples.
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Figure 5: Best Least SquaresMatch.

The Figures 5(a) & 5(b) shaws the system performancewith an averageof the best 3 of 5 referenceimagesand
best 5 of 11 referenceimagesusing the least squaresmatch. It can be seenthat the accuracy of the system has
improved with an increasein the number of referenceimages. Most of the landmarks in the sample dataset have
beenlocated within +/-3 pixels accuracy It should be noted that the outliers are mainly contributed by one of
the test image which clearly indicates that the referenceimagesusedwere not necessarilya good match for feature
location in that particular image. In such cases,increasingthe number of referenceimageswould considerably
improve the accuracy

4.4 Robustness of the system

The robustnessof the system was tested by locating landmarks in an image with additiv e noise of T0 times that
of the original image. The system s robust in locating the landmarks within +/-4 pixels accuracy and we can
therefore be con dent that the system is quite stable to noise, well beyond the level normally presen in this
dataset. This is presumably becauseof the large degreeof smoothing applied during the feature detection and
correlation matching stages.

5 Discussion

This paper describes a system which can be trained from a few example imagesto automatically estimate the
location of key featuresin “veined' structures, such asinsectwings. The performanceof the automated systemcan
be comparedto human performancein terms of accuracy of landmark location. Although, the range of the system
accuracyis nearly twice that of the manual digitization, the accuracy of the system can be considerablyimproved
by using relevant models. The performance of the systemis su cien tly accurate to allow it to replace the time
consuming processof manual digitization, which is commonto all morphometric studies.



The current systemis capableof providing a set of 15landmark locations basedupon onereferenceimagein about
3 minutes on a SUN Sparc Ultra 5 workstation. The time taken by a human to mark up one image using the
standard mark-up toolsis about 40 secondshough maintaining this speedacrossa large dataset might be regarded
asunrealistic. We expect that the speedof the systemcan be optimized, however, the question of trade 0 between
the speedand precision may arise (as more referenceimagesmay be neededto achieve the manual accuracy).

The pilot study can be scaledup with minor modi cations and this automated method would be usedin a scieni ¢
study with a large dataset comprising of 1600imagesof di erent speciesof Drosophila This analysisshould enable
us to test other performanceaspects of the system, such asits reliabilit y, and to evaluate any di culties regarding
the practical use of this dataset. The generic nature of object recognition and feature location incorporated in
this automated system enableseasy modi cation to locate featuresin a variety of other organisms. The method
is intrinsically robust to changesin shape and based rmly on the statistical interpretation of data analysis. The
systemwill be tested for its e ciency in locating the landmarks evenin a scenariowherethe featuresto be located
are quite complicated and beyond manual capabilities (eg. debris/bristles lying acrossone of the feature would
be a major hurdle for manual digitization). Such an automated method will bene t major researd groupsin the
morphometrics community and will easily be transferable to researd groupsin other relevant eld of study. The
automation of shape analysis has major potential advantagesregarding standardization as the landmarks can be
located without any manual intervertion and will make large scalestudies easily feasible [5, 8, 9]. The algorithms
will be made available as an open sourcepackagevia our website .
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