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Computer Aided Detection

diseased

healthy

unknown

?

CAD GOAL: to aid the radiologist in detecting tumoral masses
1. to classify unknown images in 2 classes: diseased or healthy
2. to locate the lesion

REQUIREMENT: to find all lesions without prompting false signals
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State of the art: Detection

SEGMENTATION DETECTION ROIs

1. Based on appearance models (external knowledge)

2. Segmenting borders is a difficult task and some difficult masses are lost!

3. About 10-50 Regions Of Interest (ROIs)
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State of the art: Classification

Data representation 
Feature extraction

• Area

• Perimeter

• Size

• Intensity

• Shape

• …

• ANN

• RBF

• Bayesian
Networks

• Decision Tree

• Hand-made
classifiers

Classification

About 10-15 features
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State of the art: Result

(1.2 , 62, ..., 3.5) no

(0.9 , 22, ..., 7.2) yes

(4.1 , 19 , ... , 3.4) no

(0.3 , 42 , ... , 2.4) no

(9.2 , 24 , ... , 1.8) yes

?

?

?

?

?

ROIs classified as positive are prompted on the original image



6

(1.2 , 62, ..., 3.5) no

(0.9 , 22, ..., 7.2) yes

(4.1 , 19 , ... , 3.4) no

(0.3 , 42 , ... , 2.4) no

(9.2 , 24 , ... , 1.8) yes

?

?

?

?

?

Computational overview

• Red blocks produce about 80% of 
computational cost.

• How can we improve the performance?

Efficient exploitation of memory/CPU bus!!!
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Convolution filter

°
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Memory access
Not efficient Efficient

Matrix float** Array float*
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The novel contributions of this work are mainly three:

1. the detection step is performed without the use 
of external knowledge

2. the feature extraction step is avoided

3. SVM and RVM are used as classifiers for the 
classification step

Contributions
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Detection

This detection produces about 100.000 ROIs
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Data representation

• pixel

• wavelet

• ranklet

12 34 11 12 9 27 102 233 124 98 207 213 3 4 9 12 11 7
°°

°

°°
°

°°
°

1.2 3.4 1.1 1.2 0.9 2.7 1.02 2.33 1.24 0.98 2.07 2.13 0.3 0.4 0.9 1.2 1.1 0.7

NORMALIZATION

This vector identifies a point in a n-dimensional space (n ~ 4000)
Each element of the vector is a feature



12

Data representation storage

(1.2 , 62, ..., 3.5)

(0.9 , 22, ..., 7.2)

(4.1 , 19 , ... , 3.4)

(0.3 , 42 , ... , 2.4)

(9.2 , 24 , ... , 1.8)

Not efficient Efficient

Matrix float** Array float*

~ 100’000 * 4000 float values
~ 4*4*10^8 bytes
~ 1.50 Giga bytes
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Data representation storage

(1.2 , 62, ..., 3.5)

(0.9 , 22, ..., 7.2)

(4.1 , 19 , ... , 3.4)

(0.3 , 42 , ... , 2.4)

(9.2 , 24 , ... , 1.8)

Not efficient Efficient

Matrix float** Array float*

~ 100’000 * 4000 float values
~ 4*4*10^8 bytes
~ 1.50 Giga bytes

Only ASM/C/C++

can deal with efficient 
memory management !!!
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Next lesson…
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