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G lGoal:Goal:
L li CT Sli i f t d li bl i d t t• Localize CT‐Slices in a fast and reliable way, in order to support y pp
attending doctors and to simplify navigation in data setsattending doctors and to simplify navigation in data sets

• Annotate volume scans according to a normalized scale in order toAnnotate volume scans according to a normalized scale in order to  
t ti t f i h i ht d CT tcompensate patients of varying height and pre‐process CT‐scans to p p y g g p p

obtain local sensitive featuresobtain local sensitive features
• Compensate metadata errors in CT‐scans referring to the patient’sCompensate metadata errors in CT scans referring to the patient s 

itipositionp
• Enrich CT Scans by adding possible ontology concepts• Enrich CT‐Scans by adding possible ontology concepts

Query Processing and MappingQuery Processing and Mapping

RegressionExtract Features Regression:Extract Features

R t i &Database& Build Multi Retrieve & Database& Build Multi 

CombineRepresented  Combine 
Si il it M

p
Query Set ResultsSimilarity MeasureQuery Set Resultsy

Index StructuresIndex Structures

Idea:Idea:
• Extraction of features with spatial sensitivity according to theExtraction of features with spatial sensitivity according to the
di l d b d idisplayed body regionp y y g
Usage of different feature types in order to match both bones• Usage of different feature types in order to match both bones 
and organ structureand organ structure
G di f (hi f i d di h b• Gradient features (histograms of oriented gradients ‐ to match bone ( g g
structure)structure) 

• Texture features (Haralick ‐ to match organ structure)Texture features (Haralick to match organ structure)
C bi hi f l l i ( l i ) i h hi h• Combine histograms of lower resolution (complete image) with higherg ( p g ) g
resolution data (using bounded box around patient body)resolution data (using bounded box around patient body)

• Nearest Neighbour classification for results in an error‐intervalNearest Neighbour classification for results in an error interval 
bl b di dacceptable by attending doctorsp y g

Mapping results to an extended FMA ontology to provide• Mapping results to an extended FMA ontology to provide
ontological concepts related to the input imageontological concepts related to the input image
Si il i b i h l lid i• Similarity measure can be either a regular, euclidean metric y g ,
or an adaptive similarity measure for better accuracyor an adaptive similarity measure for better accuracy

F E iFeature Extraction:Feature Extraction:
C t d li t t tiCreate duplicate representation:p p
• Extract bounding box around patient’s body• Extract bounding box around patient s body
• Ignore table, pillow, air around patientIgnore table, pillow, air around patient
P titi i i t 5 5 di j i t i• Partition images into 5x5 disjoint regionsg j g

Extract Image Features:Extract Image Features:
P id Hi t f O i t d G di t• Pyramid Histograms of Oriented Gradients y g
(PHOGs)(PHOGs)
• Identify strong edges by applying a CannyIdentify strong edges by applying a Canny

d d t tedge detector g
• Build gradient histogram from pixels on• Build gradient histogram from pixels on  
strong edgesstrong edges

E t t H li k f t f ll i• Extract Haralick features from all regions g
of both imagesof both images

R d Di i litReduce Dimensionality:y
• Apply Principal Component Analysis (PCA)• Apply Principal Component Analysis (PCA) 
in order to remove highly correlated featuresin order to remove highly correlated features
Ch t d ff f di i lit d ti• Choose trade‐off for dimensionality reduction y
between accuracy and the curse of dimensionalitybetween accuracy and the curse of dimensionality
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i I t B d R ion via Instance-Based Regressionon via Instance Based Regression
K i l M S h b t M Th A C llKriegel, M. Schubert, M. Thoma, A. CavallaroKriegel, M. Schubert, M. Thoma, A. Cavallaro

K R iK‐nn Regression:K nn Regression:
It t ll ( f diff t ti t )• Iterate over all scans (of different patients)( p )
• For each scan search for the first nearest neighbour for each of the• For each scan, search for the first nearest neighbour for each of the 
representations extracted from the queryrepresentations extracted from the query

B ild i t l f l f th t k f h t ti• Build intervals of z‐values of the top k‐nns for each representationp p
• Chose the interval with the lowest extent and return the average value• Chose the interval with the lowest extent and return the average value 
of this interval as prediction for the query sliceof this interval as prediction for the query slice

iExperiments:Experiments:
Cli i l l ld d f 34 l f 24 i (10 443• Clinical real‐world dataset of 34 volume scans from 24 patients (10,443 p ( ,
images) with complete heterogeneous recording modes according toimages) with complete heterogeneous recording modes according to 
slice thickness kVp value volume height contrast media etcslice thickness, kVp value, volume height, contrast media, etc.
L lid i l• Leave‐one‐out validation across volume scans
Measured: average error cumulative distribution function impact of k• Measured: average error, cumulative distribution function, impact of k
and PCA compared to volume‐based approachand PCA compared to volume based approach
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Conclusion:Conclusion:
Improved state of the art byImproved state of the art by 

i i j t i l li i t d f l t f th• requiring just a single query slice instead of volume sets of more than q g j g q y
44mm thickness44mm thickness

• Even lower error rates if adaptive similarity measures are appliedEven lower error rates if adaptive similarity measures are applied 
N ffli t i i i d• No offline training requiredg q

Market Exploitation:Market Exploitation:
• Clinical PACS could benefit from more specific queries instead of alwaysClinical PACS could benefit from more specific queries instead of always 
l di l t l tloading complete volume setsg p

• Assist attending doctors in finding same positions in different volume• Assist attending doctors in finding same positions in different volume 
scans when comparing scans of the same patientscans when comparing scans of the same patient
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