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ABSTRACT
We propose a active learning (AL) approach to segment
Crohn’s disease (CD) affected regions in abdominal mag-
netic resonance (MR) images. Our label query strategy is
inspired from the principles of visual saliency which has
similar considerations for choosing the most salient region.
These similarities are encoded in a graph using classification
maps and low level features. The most informative node is
determined using random walks. Experimental results on
real patient datasets show the superior performance of our
approach and highlight the importance of different features to
determine a region’s importance.

Index Terms— Random walks, active learning, Crohn
Disease, random forests, saliency, segmentation

1. INTRODUCTION

Image segmentation is an important part of many medical
imaging applications. Plentifully available medical images
can be used to learn about different medical conditions us-
ing fully supervised learning (FSL) principles. However, ob-
taining manual annotations for optimal FSL methods are time
consuming, requires experienced personnel and many anno-
tations from a variety of pathological cases.
An active learning (AL) framework starts from few la-

beled samples (much less than required for FSL), and queries
samples whose labels would lead to maximum improvement
in classification accuracy. General approaches to AL are un-
certainty sampling [1], query-by-committee (QBC) [2] and
density weighting [3]. AL is suitable for medical imaging
tasks due to abundant data and the need to make optimal use
of expensive labels and has been used for segmenting multiple
regions from medical images [4, 5].
Automated non-interventional Crohns disease (CD) diag-

nosis has emerged as an important challenge to the medical
imaging community [6]. Previously, FSL based methods for
classification and segmentation of CD tissues have been pro-
posed in [7, 8, 9]. Minimal effort and maximal information
gain from labels are our motivations in proposing a novel

graph based AL method to segment CD affected tissues in
abdominal magnetic resonance (MR) images. Our strategy
to select the most informative sample is inspired from related
principles of the working of the human visual system (HVS)
and salient region selection in images. Starting from a few
labeled voxels we construct a graph whose nodes represent
image patches. Labels are queried for those nodes which are
most informative or salient in the current graph. A random
forest (RF) based semi-supervised learning (SSL) classifier
(denoted as RF-SSL) is used as the base classifier because: 1)
recent work [10] has showed the advantages of RF over other
classifiers to obtain accurate results using a few labeled sam-
ples and many unlabeled samples; and 2) RF classifiers allow
for a probabilistic interpretation of the results.
The primary contribution of the paper is a visual saliency

based novel query sample selection strategy for AL based im-
age segmentation. We show that many of the principles of vi-
sual saliency are applicable to query selection in active learn-
ing tasks and we pose the problem of selecting the most infor-
mative sample as one of salient region detection by defining
an appropriate measure of a region’s importance. Random
walks on the graph determine a node’s informativeness.

2. METHODS

Method Overview: Our method consists of the following
steps: 1) RF-SSL probability map generation using a few ex-
pert labeled and many unlabeled samples; 2) Query labels of
most informative sample and retrain RF-SSL; 3) Iterate be-
tween steps 1,2 till there is no change in classification; and 4)
Use the final probability map for graph cut segmentation.

2.1. RF based Semisupervised Classification

A given image is divided into non-overlapping 8× 8 patches
A medical expert identifies one patch each as diseased bowel,
normal bowel and background (normal non-bowel) tissue.
For each labeled patch we calculate the mean, variance,
skewness and kurtosis of intensity, texture and mean 3D cur-



vature values. Texture maps are calculated for each volume
slice using 2D Gabor filters oriented at 0◦, 45◦, 90◦, 135◦ at
the original scale. Thus, each patch is characterized by a 24
dimensional feature vector.
RF-SSL generates class probability values for unlabeled

patches in a single step without multiple iterations [10]. Al-
though RF-SSL also classifies the samples we are interested
in their probability values for querying labels of most infor-
mative samples.

2.2. Query Sample Selection for Active Learning

A query sample has the following desirable characteristics:
1) high classification uncertainty; 2) presence in a dense re-
gion to truly represent many other samples; and 3) far from
an already labeled sample to minimize influence areas of la-
beled samples. The methods in [1] and [2] select samples
with higher classification uncertainty although uninformative
samples lying on classifier boundary and in low density re-
gions may be selected. Density weighting [3] overcomes this
problem by choosing samples with high label uncertainty and
inhabiting dense regions of the input space.
Choosing the query sample is akin to selecting the most

informative unlabeled image patch. This is similar to the
problem of selecting the most salient region of an image
based on some measure of informativeness. Salient image
regions have the following characteristics: 1) their feature
values are significantly different from surroundings (high lo-
cal contrast); and 2) contrast magnitude is higher than other
regions and hence it stands out visually. Visual saliency mod-
els selecting the most salient region in an image are based on
local contrast [11], entropy [12] and graph theory [13, 14].
High contrast regions have maximum information [12],

and hence higher entropy. Regions with high classification
uncertainty have high entropy, indicating a correspondence
between information content of salient regions and classifica-
tion uncertainty. Salient regions are located on regular objects
(or dense regions of the sample space) and different salient re-
gions are far away from each other, i.e. their influence areas
have minimum overlap. Thus we see that the properties of
salient regions have similarities with the desired characteris-
tics of query samples. Hence saliency models can be adapted
for active learning tasks using appropriate similarity metrics.
A query selection strategy influenced by graph based visual
saliency models of [13, 14] is used.
Image patches are represented as nodes V of a graph G,

and connected by set of edges E. Based on the similarity
between any two nodes i and j a weight wij is assigned to
edge eij . Random walks on the graph determine the most fre-
quently visited node which is also the most salient node. For
further details we refer the reader to [13, 14]. Informativeness
of node i (or patch x) is given by

Inf(i) = {φ(i), A, α} . (1)

φ is the classification uncertainty of i given by the entropy as

φ(i) = −
∑
ŷ

P ((ŷ|i) logP ((ŷ|i) , (2)

where ŷ indicates all possible labels (in this case three) for i,
and P ((ŷ|i) is calculated by RF-SSL. High entropy indicates
greater uncertainty. α incorporates contextual information,
and A is the collection of intensity, texture and curvature dif-
ferences defined as

A = [Intij Texij Curvij ]. (3)

where Intij =
∑

j∈N e−(Inti−Intj)/σ
2

is the sum of expo-
nential of intensity differences between node i and all unla-
beled nodes j in N (a 48 × 48 neighborhood of x). σ =
1. For similar nodes, Intij takes higher values. Texij and
Curvij are the corresponding texture (from the oriented map
at 90◦) and curvature differences. Note that we do not aver-
age the feature differences over the neighborhood. This leads
to a high value of A in a high-density region and low A in a
sparsely populated region.
Context information from N also contributes to a sam-

ple’s informativeness. Medical images have inherent context
information because the relative arrangement of organs in the
human body is constant, and similar tissues are clustered to-
gether. An unlabeled sample close to a labeled sample is as-
signed lower importance because it has a higher probability
of having the same label than a sample far away. With every
annotation we want to derive maximum information about its
neighbors. If the radiologist were to annotate samples close
to an already labeled sample it does not lead to significant in-
formation gain. Thus α incorporates context information and
is equal to i’s distance from the nearest labeled sample

α = min
(∥∥i− iL

∥∥) . (4)

where iL denotes all the labeled samples (or nodes), and ‖.‖
denotes the Euclidean distance based on voxel co-ordinates.
Thus the feature vector of node i (Fi) consists of 5 values

i.e., entropy, intensity, texture and curvature differences, and
α. The weights between two nodes i and j are given by

wij = exp

(
−‖Fi − Fj‖

2

σ2

)
, (5)

where σ = 1, and ‖.‖ denotes L2 norm. Nodes with similar
features have higher connecting weights.

2.3. Random Walks and Most Salient node

The most salient node is identified by the random walks al-
gorithm on the graph. Let us denote as Ei(Tj) the expected
number of steps to reach state j if a Markov chain is started in
state i at time t = 0. It is also known as the hitting time, and



can be derived from the fundamental matrix (Z) of an ergodic
Markov chain and its equilibrium probability distribution π.
The global saliency of node i is given by the sum of hitting
times from all other nodes to node i on a complete graph, i.e.,

Hi =
∑
j

Ej(Ti), (6)

and the most salient node is given by the maximum Hi as
Ns = argmaxi Hi. For details the reader is referred to [14].
Labels are queried for Ns.
Stopping Criteria: After every classification we deter-

mine the distribution of probability values and compare with
those of the previous iteration using the Student t−test. If
p > 0.05 for two consecutive iterations then querying of la-
bels is stopped as it indicates statistically similar classification
in the current iteration.

2.4. Graph Cut Segmentation

The probability maps by RF-SSL are used as penalty costs in
a second order MRF energy function given by

E(L) =
∑
s∈P

D(Ls) + λ
∑

(s,t)∈Ns

V (Ls, Lt), (7)

where P denotes the set of pixels; Ns is the 8 neighbors of
pixel s; Ls is the label of s and L is the set of labels for all s.
λ determines the relative contribution of penalty cost (D) and
smoothness cost (V ). D(Ls) is the negative log-likelihood of
probabilities given by

D(Ls) = − log (Pr(Ls) + ε) , (8)

where Pr is the likelihood (or probabilities) obtained using
RF-SSL and ε = 0.00001 is a very small value to ensure that
the cost is a real number. V is given by

V (Ls, Lt) =

{
e−

(Is−It)
2

2σ2 · 1
‖s−t‖ , Ls �= Lt,

0 Ls = Lt,
(9)

where I is the intensity. Graph cuts optimization is used be-
cause 1) it can find a global minimum for binary labeled seg-
mentation problems; and 2) it facilitates easy integration of
the outputs from probability maps obtained from RF-SSL. Al-
though the annotations are made for 8× 8 patches, the classi-
fication and subsequent segmentation is for all voxels.

3. EXPERIMENTS AND RESULTS

T1 weighted MR images were acquired from 26 patients di-
agnosed with CD (mean age 37± 19.4 years, 16 females) us-
ing a 3-T scanner (Intera, Philips), having 16-channel torso
phased array body coil. The images had pixel spacing of
1.02 × 1.02 × 2 mm, and matrix size of 400 × 400 × 100

voxels. Diseased and normal regions were manually anno-
tated which served as the ground truth for our segmentation
algorithm. In total there were 673 diseased, 629 normal, and
645 background regions. Our experiments were performed on
a system running MATLAB on a Core2 quad core 2.66 GHz
CPU having 4 GB RAM. λ = 0.02 set after cross validation
using an entirely different dataset of 5 patients.

3.1. Active Learning Based Segmentation

Here we show the following results: 1) with equal number of
samples, AL segmentation (ALSeg) is superior to FSL seg-
mentation (FSLSeg); 2) choosing the query (or the most in-
formative) sample using principles of visual saliency is as ef-
fective as conventional approaches; and 3) the different com-
ponents of a sample’s informativeness (Eqn.1) are important.
Table 1 reflects these results through segmentation accuracy
in the form of Dice Metric (DM), Hausdorff distance (HD)
and p values from t−tests in comparison with ALSeg .
The classification accuracy is reflected in the segmenta-

tion accuracy, as the negative logarithm of probability maps
are used as penalty costs in graph cut segmentation. In FSL
based segmentation we adopt a leave-one-out approach where
a RF classifier is trained on 25 datasets and tested on the
26th dataset. The average performance is reported over all
datasets. Table 1 shows FSLSeg has lower segmentation ac-
curacy than ALSeg , and with p < 0.021 the difference in
results is statistically significant.
Table 1 also shows the results for φSeg , which are segmen-

tation results for uncertainty sampling only, i.e., Inf(i∗) =
{φ(i)} (Eqn. 1), and αSeg which are segmentation results
without context information , i.e., Inf(i∗) = {φ(i), A}. In
both cases the segmentation accuracy is lower than ALSeg

indicating the importance of uncertainty as well as context in-
formation. Context information is an important novelty which
cannot be neglected without lowering segmentation accuracy.
In conventional AL approaches the query sample is cho-

sen to be one which has maximizes the informativeness mea-
sure. In another set of experiments we define the informative-
ness of a sample as Inf(i∗) = φ(i) + α × A based on the
definitions in [3]. The query sample is one that maximizes
the above measure. The corresponding segmentation results
are shown under MaxSeg in Table 1. The segmentation ac-
curacy and p− values indicate that ALSeg performs signifi-
cantly better than MaxSeg. Thus our approach of modeling
active learning as analogous to visual saliency is quite effec-
tive and accurate. In another set of experiments we used the
output of RF-SSL to fit a contour and obtain a segmented re-
gion without graph cuts. The resulting DM = 84.3 suggests
the importance of imposing spatial smoothness constraints in
the segmentation method.
Figure 1 shows results for ALSeg , FSLSeg , αSeg and

MaxSeg. The results are consistent with the values shown
in Table 1. Note that MaxSeg, φSeg and αseg all use active



ALSeg FSLSeg φSeg αSeg MaxSeg

DM 92.7 87.3 89.1 89.8 91.1
HD 6.9 9.1 8.4 8.3 7.2
p - 0.021 0.034 0.029 0.044
Time(m) 15 9 13 14 12

Table 1. Quantitative measures for segmentation accuracy.
DM- Dice Metric in%, HD-Hausdorff distance in mm, Time-
computation time in minutes.

(a) (b) (c) (d)
Fig. 1. Segmentation results for Patient 14: (a) ALSeg

(DM = 0.94)(b) FSLSeg DM = 0.84; (c) αSeg DM =
0.88;(d) MAXSeg DM = 0.92. Manual segmentation is
shown in red while algorithm segmentations are shown in
green. DM values are for entire volume.

learning and hence perform better than FSLSeg with fewer
labeled samples. The results for ALSeg are obtained with
37% labeled samples compared to FSLSeg , indicating po-
tentially significant savings in effort and time.

4. CONCLUSION

We have developed a novel method for active learning based
segmentation using principles of graph based visual saliency
detection for querying labels of test samples. Novel context
information has been incorporated into the query selection
strategy which lead to significant gains in segmentation ac-
curacy. Experimental results on real patient datasets show
the efficacy of our method compared to conventional AL ap-
proaches. Although we have demonstrated our method for
segmenting Crohn’s disease affected regions in MRI, it can
also be applied for other segmentation problems.
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