
Radiograph Annotation
using

Local Relational Features

Lokesh Setia, Alexandra Teynor, Alaa Halawani
and Hans Burkhardt

Institute for Computer Science
University of Freiburg

CLEF 2006

Setia et al. Radiograph Annotation



Introduction
Radiograph Annotation Problem

Set of tags to be attached to each X-ray image

e.g. “x-ray, plain radiography, coronal, upper extremity
(arm), hand, musculosceletal system”

Provided database used only 116 combinations

Flat classification scheme was used!
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Database Characteristics

High number of classes (116)

High intra-class variibility (position, small rotation,
occlusion, cropping)

Some classes with very low inter-class variibility (e.g.
classes 108, 109, 110 and 111)
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Algorithm

A local feature based approach:

a Calculate relational features around interest points for all
training images

b Cluster using k-means

c Build a cluster cooccurrence matrix (CCM) from cluster
indices

d Train a multi-class SVM using CCMs as features

For a test image:

e Repeat steps [a] and [c], using cluster indices from step [b]

f Assign label using trained multi-class SVM output.
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Interest Point Detector

The Loupias wavelet-based detector is used
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Relational Features

Based on gradient in various directions and scales

rel function makes gradient robust to affine brightness
changes

rel (x) =


1 if x < −ε
ε−x
2ε if −ε ≤ x ≤ ε

0 if ε < x
,

3 scales, and 12 directions/scale are used → 36 dimension
feature vector
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Building final feature vector

a) 1-D Cluster Membership Histogram

F(c) = #{s | (I(s) = c)}, c = 1, . . . , Nc

b) 3-D Cluster Cooccurrence Histogram (Rotation Invariant)

F(c1, c2, d) = #{ (s1, s2) | (I(s1) = c1) ∧ (I(s2) = c2)

∧ (Dd < ||s1 − s2||2 < Dd+1) }

c) 4-D Cluster Cooccurrence Histogram (Not Rotation
Invariant)

F(c1, c2, d , a) = #{ (s1, s2) | (I(s1) = c1) ∧ (I(s2) = c2)

∧ (Dd < ||s1 − s2||2 < Dd+1)

∧ (Aa < ](s1, s2) < Aa+1) }
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Generating Cluster Cooccurrence Matrix
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Results

Error Rate for 116-category classification task: 16.7 %

Ranked 2nd for the ImageCLEF 2006 medical annotation
task, 0.5% higher than best

Outperformed other algorithms for the ImageCLEF 2005
radiograph database
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Results
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Results
Nearest Neighbour (2)
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Results
Nearest Neighbour (3)
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Conclusion

An extension of "bag-of-features" approach

Novelty: Use of Relational features, and introduction of
CCM

CCMs incorporate elegantly the relative spatial distribution
of local features

Resulting large dimensionality a probable issue

Thank you for your attention!

Setia et al. Radiograph Annotation



Conclusion

An extension of "bag-of-features" approach

Novelty: Use of Relational features, and introduction of
CCM

CCMs incorporate elegantly the relative spatial distribution
of local features

Resulting large dimensionality a probable issue

Thank you for your attention!

Setia et al. Radiograph Annotation


