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Image Annotation or Semantic Segmentation: Challenges

Very diverse types of images

Huge number of images
High-throughput digital microscopy systems

Varying or uncontrolled conditions
Illumination, viewpoint, position, scale changes
Noise, cluttered background, occlusions
Image acquisition settings

Annotation is application-dependent
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Image Annotation as a Supervised Learning Problem
(Training)

Goal
Given a training set of images withpixel-wise labelling(ie.
every pixel is labeled with one class among a �nite set of
prede�ned classes), build a model that will be able to predict
accurately the class of every pixel of any new, unseen image.
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Image Annotation as a Supervised Learning Problem
(Prediction)

Goal
Given a training set of images withpixel-wise labelling(ie.
every pixel is labeled with one class among a �nite set of
prede�ned classes), build a model that will be able to predict
accurately the class of every pixel of any new, unseen image.

Dumont et al. Random Subwindows and Multiple Output Extra-Trees (5)



Introduction
Our approach

Results

Problem de�nition
General approach

General Approach

Followslocal featuresparadigm but important di�erences:

Image description: extraction ofrandom subwindows
described byraw pixel values [Mar�ee et al. 2003]

Dense sampling (rich image description)
Fast to detect and to describe
Generic (works also with small images or homogeneous regions)
Uses color if available

Model: Extremely Randomized Trees [Geurts et al. 2006]

Fast to build and to use
Accurate even with high-dimensional data
Flexible: from unsupervised to supervised, from one discrete
output to a kernelized output space
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Three variants

PCM: Pixel Classi�cation Model
Extra-Trees are build to predict the class of individual pixels
# Input = 1, # Output = 1.

SCM: Subwindow Classi�cation Model
Extra-Trees are build to predict the class of the central pixel
of subwindows
# Inputs = w � h; # Output = 1.

SCMMO: Subwindow Classi�cation Model
with Multiple Outputs
Extra-Trees are extended so as topredict simultaneously
the class of all subwindow pixels
# Inputs = # Outputs = w � h.
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Random Subwindows with SCMMO
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Multiple Output Extra-Trees
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Multiple Output Extra-Trees splitting algorithm
Split a node(S)
Input: the local learning subsetS corresponding to the node we want to split
Output : a split [a < ac ] or leaf
- If Stop split (S) is TRUE then attach w � h output predictions.
- Otherwise select randomlyK attributes f a1; : : : ; aK g among all non constant (in S) candidate attributes;
- Draw K splits f s1; : : : ; sK g, where si = Pick a random split (S; ai ); 8 i = 1 ; : : : ; K ;
- Return a split si such that MeanScore(si ; S) = max j =1 ;:::; K MeanScore(sj ; S) where

MeanScore(sj ; S) = 1
w: h

P w� h
o=1 Scoreo (sj ; S)

Pick a random split (S,a)
Inputs: a subset S and an attribute a
Output : a split
- Let aS

max and aS
min denote the maximal and minimal value of a in S;

- Draw a random cut-point ac uniformly in ] aS
min ; aS

max];
- Return the split [ a < ac ].

Stop split (S)
Input: a subsetS
Output: a boolean
- If j Sj < nmin , then return TRUE;
- If if all attributes are constant in S, then return TRUE;
- If all outputs are constant in S, then return TRUE;
- Otherwise, return FALSE.

Complexity: O(T whKN log2(N)) for subwindows of sizew � h
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Prediction by propagating a sliding subwindow

O(T log2 N) tests for each of the (wi � w + 1)( hi � h + 1) subwindows
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Experimental setup

Datasets
DB # Images wi � hi Protocol # Subwindows

per image
Retina 50 [630� 420; LOO 2000

1386� 924]
Bronchial 8 752� 574 LOO 10000
Corel 100 180� 120 2� (60/40) 1650
Sowerby 104 96� 64 2� (60/44) 1650
DRIVE 40 565� 584 1� (20/20) 5000

Evaluation criteria: pixel misclassi�cation error rates

Parameters
T = 10 fully developed trees
# of random tests evaluated at each node:K =

p
w � h

Subwindow sizesw � h = f 1 � 1; 5 � 5; 10� 10; 20� 20g
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Results: Retina and Bronchial

DB # images # classes PCM SCM SCMMO
Retina 50 2 12.54% 7.53% 7.56%

Bronchial 8 3 3.96% 3.42% 3.13%
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Results: Corel and Sowerby

DB # images # classes PCM SCM SCMMO
Corel 100 7 53.71% 49.43% 36.01%

Sowerby 104 7 17.5% 14.96% 10.93%
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Results: DRIVE

DB # images # classes PCM SCM SCMMO
DRIVE 40 2 22.34% 13.44% 8.01%
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Comparison with the state of the art

DB Criteria SCMMO Others
Retina F-measure 0.87 0.873 to 0.883
Bronchial Cyto./Nucl. ER 23.86% /23.1% 29.1%/12.6%
Corel Global ER 36.01% 33.1% to 20%
Sowerby Global ER 10.3% 17.6% to 10.5%
DRIVE Mask ER 6.96% 12.27%to 5.58% �

� : Second human observer: 5.27%
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In
uence of parameters
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Left: In
uence of the size of the subwindows (Sowerby)

Middle: More trees are better (Corel)

Right: More subwindows is better (Retina)
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Summary

Random Subwindows described byraw pixel values
Aggregation of a large amount of information

The more subwindows, the better (averaging)
Optimal subwindow sizes

Extremely Randomized Trees with Multiple Outputs
Accurate even with high-dimensional data
The more trees, the better (averaging)
Robust to irrelevant variables (attribute selection strengthK )
Multiple outputs (smoother predictions)
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Pros and cons

Pros
Generic
Fast (and highly parallelizable)
Overall good performances on a large variety of image types
Conceptually simple and few parameters
Observable trends in parameter values

Cons
ET-SCMMO is memory-consuming
Sometimes not competitive with speci�c methods
Limited use of domain expert knowledge
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Future work

Ideas to improve results...
More robustness with arti�cial subwindows (e.g. rotated)
Computing large sets of features within subwindows
Combine multiple model predictions
Global/local post-processing of predictions (e.g. thresholding
output con�dences, vessel connectivity constraints)

Extension to hyperspectral image segmentation
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Computing Times

Dataset Sowerby Retina
Method Training Prediction Training Prediction
PCM 10.53s 0.15s 5.34s 15.19s
SCM 76.63s 0.12s 41.22s 17.64s

SCMMO 315.68s 0.26s 125.5s 26.98s

T = 20 trees, K =
p

w � h, � 100 000 training subwindows
Sowerby image is 94� 64
Retina image is 990� 660
Implemented in JAVA and runned on a 2.4Ghz processor
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