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Machine Learning

Machine learning leading to huge 

breakthroughs in computer vision: 

▪ Face detection, scene understanding, 
tracking, etc.

▪ Success made possible to availability of 
large datasets, advances in hardware

▪ Outperformed previous approaches by huge 
margins

▪ Economic boon for startups and large 
corporations

www.cim.mcgill.ca/~pvg 2



Machine Learning – Medical Imaging

▪ Machine learning in medical imaging has potential to make HUGE 
advances in medicine, healthcare. Assisting in:

▪ Patient diagnosis, 

▪ Understanding disease development,

▪ Predicting patient outcome from images, 

▪ Speeding up/making accurate clinical trials for new treatments,

▪ Permitting advances in personal medicine

▪ Wide variety of successful frameworks for segmentation, classification, prediction

▪ However, resulting approaches have yet to be widely integrated into real clinical 
practice!
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Challenges: Machine Learning in Medicine

▪ Computer science/engineering labs often don’t have 

▪ large-scale, annotated datasets for training

▪ access to clinician and clinical needs through 

development of methods

▪ Result: Develop frameworks based on smaller, 
proprietary or benchmarking datasets 

▪ Lack of robustness to patient/data variability 
across larger multi-centre, multi-scanner datasets

▪ Fine tune methods for established metrics which 
might not be important for clinical task of interest
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My Background 

▪ Background: computer vision/Bayesian inference

▪ Postdoctoral fellow at MNI: medical image analysis

▪ Professor since 2001. Goals of research program: 

▪ Bridging the gap between computer vision, machine learning and 
medical image analysis LINKED TO

▪ Real clinical applications with impact in neuroscience, neurology 
and neurosurgery

▪ Made possible through interdisciplinary collaborations with neurologists, 
neurosurgeons, biomedical and machine learning researchers, AND 
clinical, industrial partners in medical industry
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“Big Data” for MS Clinical Trials

▪ Long-term collaboration with industrial partner 
(NeuroRx) – provides software analysis to 
pharmaceutical industry for almost all MS 
clinical trials for new therapies worldwide.

▪ MS clinical trial data:

▪ Over 10,000 patient images from multiple:

▪ Active clinical trials

▪ Global imaging centres

▪ Scanner technologies

▪ Megavoxel MRI volumes with multiple:

▪ Channels

▪ Timepoints

▪ Trained expert labels (neuroradiologists)
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Synergy 
Through interdisciplinary collaborations with: 

▪ NeuroRx (data and expertise), 

▪ Neurologist (D. Arnold), neuroradiologists, researchers at MNI (L.Collins)

▪ Machine learning researchers (D.Precup)

We developed machine learning tools to automate and improve analysis of real 
patient brain images from clinical trial datasets collected around the world

▪ Clinical outcome: 

▪ Accelerating and improving new treatment development for neurological disease
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Overview of Talk

▪ Machine learning techniques for large clinical trial datasets:

▪ Probabilistic graphical models for detection and segmentation of 
MS lesions/brain tumours in patient brain images

▪ Probabilistic prediction of MS future disease activity and 
treatment responders

▪ Current work: Deep learning methods to predict progression 
in large Progressive MS patient dataset

▪ Conclusions
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Multiple Sclerosis

▪ Most common neurological disorder affecting young 
adults.

▪ Patient’s immune system attacks the protective covering 
of nerves in WM, causing disability.

▪ Most common form is relapsing-remitting MS (RRMS): 
intermittent attacks or relapses over time, followed by full 
or partial recovery

▪ No cure. Treatments can help speed recovery from 
attacks, modify the course of the disease and manage 
symptoms.

▪ Development of new treatments requires clinical trials.
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Multiple Sclerosis Lesion Analysis

▪ One of the hallmarks of MS is the appearance of brain 
lesions visible on MRI (bright in T2)

▪ T2 lesion volume has been used to estimate “burden of 
disease”, activity and disease stage

▪ Clinical protocol often manual or semi-manual 

delineation of lesions: 

▪ Expensive, inconsistent, slow

▪ Need automatic approaches to accurately segment T2 
lesions
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Automatic Segmentation in Computer Vision

Task: Label each pixel as being either a 
member of class or background. 

Results of automatic technique should 
be as close as possible to that of 
manual segmentation. 

• Objects usually pronounced in ROI. 

• Objects have rich color/intensity 
texture patterns that are somewhat 
distinctive from background.
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http://www.wisdom.weizmann.ac.il/~vision/Seg_Evaluation_DB/1obj/index2.html



Automatic Segmentation in Medical Images

▪ Healthy structures: 

▪ Many successful methods 
developed

▪ Designed for segmenting relatively 
large structures in a known 
general region of interest. 

▪ Make use of prior knowledge: 
▪ Location

▪ Shape

▪ Size 

▪ Texture pattern
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small enhanced pathology detect ion, where evidence from different possible sources is fed

into the system in order to improve the discriminatory power of the model. The out line of

the model is summarized in the next sect ion, and the specific clinical context that is used

for test ing the performance of the proposed model is detailed in Sect ion 1.2.

· Initialization mask 

 

Instead of segmenting the entire image under study, we define an initialization mask around 

the structure of interest. A number of strategies can be used to propose an accurate 

initialization, such as matching the best subject (Barnes et al., 2008) followed by a 

morphological dilation of the mask. In this case, we chose a very fast and simple approach 

that uses the union of all the expert segmentations in the training database as the initial mask. 

In this way, we ensure that the structure is completely included in the mask and demonstrate 

the robustness of our method to coarse initialization (see Fig. 2).  

 

  
Fig. 2. I nitialization masks. Initialization masks used for the hippocampus and ventricle 

datasets overlaid in blue on one subject. 

 

· Subject selection 

 

A selection is also performed at the subject level that resembles the selection of best subjects 

in the label fusion method (Aljabar et al., 2009). In our method, we use the sum of the 

squared difference (SSD) across the initialization mask instead of normalized mutual 

information over the image, as suggested by Aljabar et al. (2009). This strategy was chosen 

because SSD is sensitive to variation in contrast and luminance; thus, we expect to find a 

greater number of similar patches (in the sense of the L2 norm) in subjects with smaller 

SSDs. The same N closest subjects are retained during the entire segmentation process (see 

Fig. 3 where the three closest subjects are displayed).  

 

· Search volume definition 

 

Initially, the nonlocal means denoising filter was proposed as a weighted average of all the 

pixels in the image (Buades et al., 2005). For computational reasons, the entire image cannot 

be used and the number of pixels involved has to be reduced. As done for denoising (Buades 

et al., 2005; Coupe et al., 2008), we use a limited search volume Vi, defined as a cube 

centered on the voxel xi under study. Thus, within each of the N selected subjects, we search 

for similar patches in a cubic region around the location under study (see Fig. 3). This search 

volume can be viewed as the intersubject variability of the structure of interest in stereotaxic 

space. This variability can increase for a subject with pathology or according to the structure 

under consideration.  

 

 

 

in
s
e
r
m
-
0
0
5
4
1
5
3
4
,
 
v
e
r
s
io
n
 
1
 
-
 
3
0
 N
o
v
 
2
0
1
0

!"#$ !%#$

Hierarchical Probabilistic Gabor and MRF Segmentation of Brain Tumours 753

Fig. 1. Flowchart displaying the various stages of the classification technique. In the MRF classi-

fication and expert labels, red label represents edema, and green represents tumour.

2 Proposed Framework

We develop a hierarchical probabilistic brain tumour segmentation approach, using two

stages. In the first stage, multiwindow Gabor decompositions of the multi-spectral MRI

training images are used to build multivariate Gaussian models for both the healthy

tissues and the tumour (including core and edema tissue). A Bayesian classification

framework using these features is used to obtain initial classification results. In the sec-

ond stage, Gaussian models are built for healthy tissues (i.e. grey matter (GM), white

matter (WM) and cerebrospinal fluid (CSF)) as well as for tumour tissues (e.g. core tis-

sues, edema) from intensity distributions acquired from the training dataset. A Markov

Random Field is trained to classify all these types of tissues. A flowchart of the process

is shown in Fig. 1. We now present in detail the two stages.

2.1 Stage 1: M ultiwindow Gabor Bayesian Classification

Training: The data consists of MRI intensity volumes in different contrasts (T1, T1c

(T1-post gado-contrast), T2 and FLAIR). Hence, at each voxel, we have a 4-dimensional

vector containing the intensity in each contrast. Each contrast f of each volume is pro-

cessed using multiwindow, 2D Gabor transforms of the form suggested by [16]. We use

a set of R window functions gr , r = 1. . .R of the form:

gr [x,y;a,b,n1,n2,m1,m2,σxr
,σyr

] = e− ((x−n1a)2/ σx r
2+ (y−n2a)2/ σyr

2)e− j 2π(m1bx+ m2by)/ L ,

(1)

where L is the total number of voxels in the slice under consideration, x and y are

space coordinates within the slice, a and bare the magnitude of the shifts in the spatial

and frequency domains respectively, n1,2 and m1,2 are the indices of the shifts in the
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Fig. 1 (Left) a coarsely

registered axial data slice from

the liver segmentation data set

of [16], and (r ight) the liver

segmentation and our manual

segmentation for other

anatomical structures. Each

shade denotes a different class

label. The classes in decreasing

order of brightness are spleen,

gall bladder, right kidney, left

kidney, liver and background or

other tissues class

extremely tedious. The task is so laborious that even gather-

ing training data to build and evaluate automated systems is

a challenge. In this paper, we thus show how state of the art

machine learning techniques and recently developed image

features can be used to construct such systems. We focus

on segmenting some key abdominal structures within com-

puted tomography (CT) imagery using different amounts of

user interaction. However, the techniques we present should

be much more broadly applicable to different segmentation

problems. We focus in particular on 3D or volumetric seg-

mentation. Some examples of the anatomical structures we

explore are given in Fig. 1, where we show a 2D axial image

slice along with manual segmentation of some organs of

interest. We also explore models that are specialized for the

challenging task of adrenal gland segmentation. In Fig. 2, we

show a sample 2D slice and the zoomed in region containing

an adrenal gland along with a detailed manual segmentation.

The CT imagery shown here and in subsequent figures comes

from the liver segmentation data of [16].1

The adrenal gland is a common site of disease, and detec-

tion of adrenal masses has increased with the expanding use

of cross-sectional imaging. Radiology is playing a critical

role not only in the detection of adrenal abnormalities but

in characterizing them as benign or malignant [29]. In order

to facilitate this process, computer-aided diagnosis systems

could build upon precise voxel level segmentations of the

adrenal gland as a first step for subsequent automated image

processing and classification steps. In both Figs. 1 and 2 as

well as the corresponding organ and adrenal gland exper-

iments in the paper, we use segmentations that have been

obtained from an expert abdominal radiologist. It is our

intention to make our ground truth segmentations available

online.2

Machine learning techniques are playing an essential role

in modern medical image analysis systems. The problem of

image segmentation can be particularly important as seg-

mentations can both be useful in themselves as well as

1 http://www.sliver07.org/.

2 http://www.cs.rochester.edu/~bhole/medicalseg.

Fig. 2 The figure shows the left (clinical) adrenal gland of a normal

patient

serving as input to subsequent automated processing tech-

niques. Markov random fields (MRFs) provide an attractive

framework for image segmentation. For example, previous

work with some goals similar to ours has sought to create

probabilistic atlases of the abdomen and then explored their

application in segmentation using traditional MRFs which

factorize into likelihoods derived from image properties

and spatial priors in the form of MRFs [35]. Park et

al. [35] explored the importance of the probabilistic atlas and

used unsupervised segmentation with maximum a posteriori

(MAP) configuration estimation using the Iterated Condi-

tional Modes (ICM) algorithm of Besag [2]. This type of

approach was common at the time in that interaction poten-

tials were set by hand, discriminative learning techniques

were not used and Besag’s fast but local minima prone ICM

algorithm was used for inference. In our work here, we use

Gaussian mixture models to encode a form of statistical atlas

as well. Such information can serve as a powerful feature

encoding higher level semantic information.

Recent insights have given rise to a new distinction

between traditional MRFs which define a joint distribution

over both segmentation classes and features and conditional

random fields (CRFs) [25] which model the conditional dis-

tributions of the segmentation field directly. CRFs have had

a major impact in machine learning in recent years and our

work here explores their application to 3D image segmen-
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two disconnected subgraphs, each containing a terminal node, and whose sum of edge

weights is minimal. This minimum cut, which assigns each node (pixel) p in P to one

of the two terminals, induces an optimal labeling Ln
opt (Ln

opt(p) = 1 if p is connected

to TF and Ln
opt (p) = 0if pis connected to TB ), which minimizes globally the approx-

imation in (10) and, therefore, the proposed energy function.

3 Experimental Evaluations and Comparisons

We applied the method to 120 short axis cardiac cine MR sequences acquired from

20 subjects: a total of 2280 images including apical, mid-cavity and basal slices were

automatically segmented, and the results were compared to independent manual seg-

mentations by an expert. Using the same datasets, we compared the accuracy and com-

putational load/time of the proposed method with the recent LV segmentation in [1].

Similar to [1], the proposed method relaxes the need of a training, and model dis-

tributions were learned from a user-provided segmentation of the first frame in each

sequence. The regularization and kernel width parameters were unchanged for all the

datasets: λ is fixed equal to 0.15, and kernel width σ is set equal to 2 for distance dis-

tributions, and equal to 10for intensity distributions. In Fig. 1, we give a representative

sample of the results for 2subjects. Although it uses information from only one frame

in the current data, the method handles implicitly variations in the scale/shape of the

Subject 1, a sample of the results with mid-cavity (1st row) and apical (2nd row) frames

Subject 2, a sample of the results with mid-cavity (1st row) and basal (2nd row) frames

Fig. 1. A representative sample of the results for 2subjects

Original Image Pixel-based CRF Segment-based CRF Hierarchical CRF GroundTruth

Figure3. Qualitative, resultsontheMSRC-21dataset, comparingnon-hierarchical(i.e. pairwisemodels) approachesdefinedover pixels

(similar toTextonBoost [26]) or segments(similar to[32, 18, 22] describedinsection3) against our hierarchical model. Regionsmarked

blackinthehand-labelledgroundtruthimageareunlabelled.
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[25] 72 67 49 88 79 97 97 78 82 54 87 74 72 74 36 24 93 51 78 75 35 66 18
[26] 72 58 62 98 86 58 50 83 60 53 74 63 75 63 35 19 92 15 86 54 19 62 07
[1] 70 55 68 94 84 37 55 68 52 71 47 52 85 69 54 05 85 21 66 16 49 44 32
[32] 75 62 63 98 89 66 54 86 63 71 83 71 79 71 38 23 88 23 88 33 34 43 32

Pixel-basedCRF 81 72 73 92 85 75 78 92 75 76 86 79 87 96 95 31 81 34 84 53 61 60 15

Robust PN CRF 83 73 74 92 86 75 83 94 75 83 86 85 84 95 94 30 86 35 87 53 73 63 16

Segment-basedCRF 75 60 64 95 78 53 86 99 71 75 70 71 52 72 81 20 58 20 89 26 42 40 05

Hierarchical CRF 86 75 80 96 86 74 87 99 74 87 86 87 82 97 95 30 86 31 95 51 69 66 09

Figure4. QuantitativeresultsontheMSRCdataset. Thetableshows%pixel accuracyNi i /
P

j Ni j for different object classes. ‘Global’

referstotheoverall error
P

i ∈ L N i iP
i , j ∈ L N i j

, while‘average’ is
P

i ∈ L
N i i

|L |
P

j ∈ L N i j
. Ni j referstothenumber of pixelsof label i labelled j .

triplets [f , t,θ]. Here f isthenormalised histogramof the

featureset, t isthecluster index, andθathreshold. Aside

fromalarger set of featuresbeingconsidered, theselection

andlearningprocedureisidentical to[26].

Thesegment potential isincorporatedintotheenergyus-

ingRobust PN potentials(5) withparameters

γl
c = λs|c|min(−Hl (c) + K,αh), (14)

whereHl (c) is theresponsegiven by theAda-boost clas-

sifier to clique c taking label l, αh a truncation threshold

γmax
c = |c|(λp + λsα

h), andK = log l ∈ L eH l (c) anor-

malisingconstant.

For our experiments, the cost of pixel labels differing

fromanassociatedsegment label wasset tokl
c = (γmax

c −

γl
c)/ 0.1|c|. Thismeansthat upto10%of thepixelscantake

alabel different to thesegment label without thesegment

variablechangingitsstatetofree.

Model Details Forbothdenseunaryandhistogram-based

segment potentials4densefeatureswereused- colour with

128 clusters, location with 144 clusters, texton and HOG

descriptor [6] with150clusters. 5000weakclassifierswere

usedintheboostingprocess.

LearningWeightsfor Hierarchical CRFs Havinglearnt

potentialsξc(xc) asdescribedearlier, theproblemremains

of how to assign appropriateweightsλc. Thisweighting,

andthetrainingof hierarchical modelsingeneral isnot an

easy problem and there is awidebody of literature deal-

ing with it [12, 11, 28]. The approach we take to learn

theseweightsusesacoarsetofine, layer-based, local search

schemeover avalidationset

We first introduce additional notation: V(i ) will refer

to thevariablescontained in the i th layer of thehierarchy,

whilex(i ) isthelabellingof V(i ) associatedwithaMAPes-

timateover thetruncatedhierarchical CRFconsistingof the

randomvariables v = {v ∈ V(k) : k ≥ i} . Given the

validation datawecan determineadominant label Lc for

eachsegment c, suchthat LF = l when i∈ l ∆(xi = l) =

0.5|c|, if thereisnosuchdominant label, weset Lc = LF .

Int J Comput Vis (2012) 96:83–102 97

Table 1 MSRC-21 segmentation results. The average score provides the average per-class recall. The global scores gives the percentage of

correctly classified pixels

Fig. 8 Qualitative results for

the MSRC-21 dataset.

Comparison between (b) no

consistency potentials,

(c) robust PN-based potentials,

and (d) harmony potentials.

(e) Ground-truth images. In the

first three rows the harmony

potential successfully improves

segmentation results. The last

two rows show failure cases of

harmony potentials

Table 2 PASCAL VOC 2010 segmentation results. Comparison of the harmony potential with state-of-the-art methods

!' #$
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Sonogram Fulkerson09 DPM-Levelset Proposed

Fig. 3. Lesion segmentation results on breast ultrasound images. The upper 4 rows

arebenign casesand thelower 4 aremalignant. Contoursof groundtruth areshown in

yellow. Detection windows of DPMwith maximal confidencesareshown asbluerectan-

gles in the3rd column. Notethat theDPMdetector worksin both DPM-Levelset and the

proposed algorithm. When it fails in the4th and thelast cases, theproposed algorithm

ignores thedetection mistakes and outperforms its counterparts.

!,#$

Fig. 1.3 Different examples of various segmentat ion tasks. (a) to (d) show

examples of segmentat ion tasks in computer vision applicat ions: (a) and (b)

animal segmentat ion [16, 17], (c) ship segmentat ion [18] and (d) building de-

tect ion [19]. (e) to (i) show examples of healthy st ructure or large pathology

segmentat ion in medical imaging: (e) abdominal organs in CT [20], (f ) hip-

pocampus [21], (g) left ventricle [22], (h) enhanced brain tumor [23], and (i)

breast tumor in ult rasound images [24].

1.1 Out l ine of Framework

The goal of this thesis is to develop a robust classificat ion algorithm that can be used to

detect, localize and to segment the enhanced pathologies from the pool of other enhance-

ments. It is difficult to accurately segment an arbit rary image by only considering one

source of informat ion (e.g. intensity). These pathologies are so small and noisy that the

framework needs to leverage local neighbourhood informat ion in order to assist with detec-



Automatic Segmentation in Medical Images

▪ Pathological or diseased 
structures:

1. Detection: Find structure of interest

2. Segmentation: Delineate boundary

▪ Challenges:

▪ High variability in intensity, shape, 
location

▪ No ground truth definition of boundary

▪ Single large pathology: 

▪ exploit some prior knowledge, texture 
information
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small enhanced pathology detect ion, where evidence from different possible sources is fed

into the system in order to improve the discriminatory power of the model. The out line of

the model is summarized in the next sect ion, and the specific clinical context that is used

for test ing the performance of the proposed model is detailed in Sect ion 1.2.

· Initialization mask 

 

Instead of segmenting the entire image under study, we define an initialization mask around 

the structure of interest. A number of strategies can be used to propose an accurate 

initialization, such as matching the best subject (Barnes et al., 2008) followed by a 

morphological dilation of the mask. In this case, we chose a very fast and simple approach 

that uses the union of all the expert segmentations in the training database as the initial mask. 

In this way, we ensure that the structure is completely included in the mask and demonstrate 

the robustness of our method to coarse initialization (see Fig. 2).  

 

  
Fig. 2. I nitialization masks. Initialization masks used for the hippocampus and ventricle 

datasets overlaid in blue on one subject. 

 

· Subject selection 

 

A selection is also performed at the subject level that resembles the selection of best subjects 

in the label fusion method (Aljabar et al., 2009). In our method, we use the sum of the 

squared difference (SSD) across the initialization mask instead of normalized mutual 

information over the image, as suggested by Aljabar et al. (2009). This strategy was chosen 

because SSD is sensitive to variation in contrast and luminance; thus, we expect to find a 

greater number of similar patches (in the sense of the L2 norm) in subjects with smaller 

SSDs. The same N closest subjects are retained during the entire segmentation process (see 

Fig. 3 where the three closest subjects are displayed).  

 

· Search volume definition 

 

Initially, the nonlocal means denoising filter was proposed as a weighted average of all the 

pixels in the image (Buades et al., 2005). For computational reasons, the entire image cannot 

be used and the number of pixels involved has to be reduced. As done for denoising (Buades 

et al., 2005; Coupe et al., 2008), we use a limited search volume Vi, defined as a cube 

centered on the voxel xi under study. Thus, within each of the N selected subjects, we search 

for similar patches in a cubic region around the location under study (see Fig. 3). This search 

volume can be viewed as the intersubject variability of the structure of interest in stereotaxic 

space. This variability can increase for a subject with pathology or according to the structure 

under consideration.  

 

 

 

in
s
e
r
m
-
0
0
5
4
1
5
3
4
,
 v
e
r
s
io
n
 
1
 -
 3
0
 
N
o
v
 2
0
1
0

!"#$ !%#$
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Fig. 1. Flowchart displaying the various stages of the classification technique. In the MRF classi-

fication and expert labels, red label represents edema, and green represents tumour.

2 Proposed Framework

We develop a hierarchical probabilistic brain tumour segmentation approach, using two

stages. In the first stage, multiwindow Gabor decompositions of the multi-spectral MRI

training images are used to build multivariate Gaussian models for both the healthy

tissues and the tumour (including core and edema tissue). A Bayesian classification

framework using these features is used to obtain initial classification results. In the sec-

ond stage, Gaussian models are built for healthy tissues (i.e. grey matter (GM), white

matter (WM) and cerebrospinal fluid (CSF)) as well as for tumour tissues (e.g. core tis-

sues, edema) from intensity distributions acquired from the training dataset. A Markov

Random Field is trained to classify all these types of tissues. A flowchart of the process

is shown in Fig. 1. We now present in detail the two stages.

2.1 Stage 1: M ultiwindow Gabor Bayesian Classification

Training: The data consists of MRI intensity volumes in different contrasts (T1, T1c

(T1-post gado-contrast), T2 and FLAIR). Hence, at each voxel, we have a 4-dimensional

vector containing the intensity in each contrast. Each contrast f of each volume is pro-

cessed using multiwindow, 2D Gabor transforms of the form suggested by [16]. We use

a set of R window functions gr , r = 1. . .R of the form:

gr [x,y;a,b,n1,n2,m1,m2,σxr
,σyr

] = e− ((x− n1a)2/ σx r
2+ (y−n2a)2/ σy r

2)e− j 2π(m1bx+ m2by)/ L ,

(1)

where L is the total number of voxels in the slice under consideration, x and y are

space coordinates within the slice, a and bare the magnitude of the shifts in the spatial

and frequency domains respectively, n1,2 and m1,2 are the indices of the shifts in the
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Fig. 1 (Left) a coarsely

registered axial data slice from

the liver segmentation data set

of [16], and (r ight) the liver

segmentation and our manual

segmentation for other

anatomical structures. Each

shade denotes a different class

label. The classes in decreasing

order of brightness are spleen,

gall bladder, right kidney, left

kidney, liver and background or

other tissues class

extremely tedious. The task is so laborious that even gather-

ing training data to build and evaluate automated systems is

a challenge. In this paper, we thus show how state of the art

machine learning techniques and recently developed image

features can be used to construct such systems. We focus

on segmenting some key abdominal structures within com-

puted tomography (CT) imagery using different amounts of

user interaction. However, the techniques we present should

be much more broadly applicable to different segmentation

problems. We focus in particular on 3D or volumetric seg-

mentation. Some examples of the anatomical structures we

explore are given in Fig. 1, where we show a 2D axial image

slice along with manual segmentation of some organs of

interest. We also explore models that are specialized for the

challenging task of adrenal gland segmentation. In Fig. 2, we

show a sample 2D slice and the zoomed in region containing

an adrenal gland along with a detailed manual segmentation.

The CT imagery shown here and in subsequent figures comes

from the liver segmentation data of [16].1

The adrenal gland is a common site of disease, and detec-

tion of adrenal masses has increased with the expanding use

of cross-sectional imaging. Radiology is playing a critical

role not only in the detection of adrenal abnormalities but

in characterizing them as benign or malignant [29]. In order

to facilitate this process, computer-aided diagnosis systems

could build upon precise voxel level segmentations of the

adrenal gland as a first step for subsequent automated image

processing and classification steps. In both Figs. 1 and 2 as

well as the corresponding organ and adrenal gland exper-

iments in the paper, we use segmentations that have been

obtained from an expert abdominal radiologist. It is our

intention to make our ground truth segmentations available

online.2

Machine learning techniques are playing an essential role

in modern medical image analysis systems. The problem of

image segmentation can be particularly important as seg-

mentations can both be useful in themselves as well as

1 http://www.sliver07.org/.

2 http://www.cs.rochester.edu/~bhole/medicalseg.

Fig. 2 The figure shows the left (clinical) adrenal gland of a normal

patient

serving as input to subsequent automated processing tech-

niques. Markov random fields (MRFs) provide an attractive

framework for image segmentation. For example, previous

work with some goals similar to ours has sought to create

probabilistic atlases of the abdomen and then explored their

application in segmentation using traditional MRFs which

factorize into likelihoods derived from image properties

and spatial priors in the form of MRFs [35]. Park et

al. [35] explored the importance of the probabilistic atlas and

used unsupervised segmentation with maximum a posteriori

(MAP) configuration estimation using the Iterated Condi-

tional Modes (ICM) algorithm of Besag [2]. This type of

approach was common at the time in that interaction poten-

tials were set by hand, discriminative learning techniques

were not used and Besag’s fast but local minima prone ICM

algorithm was used for inference. In our work here, we use

Gaussian mixture models to encode a form of statistical atlas

as well. Such information can serve as a powerful feature

encoding higher level semantic information.

Recent insights have given rise to a new distinction

between traditional MRFs which define a joint distribution

over both segmentation classes and features and conditional

random fields (CRFs) [25] which model the conditional dis-

tributions of the segmentation field directly. CRFs have had

a major impact in machine learning in recent years and our

work here explores their application to 3D image segmen-
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two disconnected subgraphs, each containing a terminal node, and whose sum of edge

weights is minimal. This minimum cut, which assigns each node (pixel) p in P to one

of the two terminals, induces an optimal labeling Ln
opt (Ln

opt (p) = 1 if p is connected

to TF and Ln
opt (p) = 0if pis connected to TB ), which minimizes globally the approx-

imation in (10) and, therefore, the proposed energy function.

3 Experimental Evaluations and Comparisons

We applied the method to 120 short axis cardiac cine MR sequences acquired from

20 subjects: a total of 2280 images including apical, mid-cavity and basal slices were

automatically segmented, and the results were compared to independent manual seg-

mentations by an expert. Using the same datasets, we compared the accuracy and com-

putational load/time of the proposed method with the recent LV segmentation in [1].

Similar to [1], the proposed method relaxes the need of a training, and model dis-

tributions were learned from a user-provided segmentation of the first frame in each

sequence. The regularization and kernel width parameters were unchanged for all the

datasets: λ is fixed equal to 0.15, and kernel width σ is set equal to 2 for distance dis-

tributions, and equal to 10for intensity distributions. In Fig. 1, we give a representative

sample of the results for 2subjects. Although it uses information from only one frame

in the current data, the method handles implicitly variations in the scale/shape of the

Subject 1, a sample of the results with mid-cavity (1st row) and apical (2nd row) frames

Subject 2, a sample of the results with mid-cavity (1st row) and basal (2nd row) frames

Fig. 1. A representative sample of the results for 2subjects

Original Image Pixel-based CRF Segment-based CRF Hierarchical CRF GroundTruth

Figure3. Qualitative, resultsontheMSRC-21dataset, comparingnon-hierarchical(i.e. pairwisemodels) approachesdefinedover pixels

(similar toTextonBoost [26]) or segments(similar to[32, 18, 22] describedinsection3) against our hierarchical model. Regionsmarked

blackinthehand-labelledgroundtruthimageareunlabelled.
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[25] 72 67 49 88 79 97 97 78 82 54 87 74 72 74 36 24 93 51 78 75 35 66 18
[26] 72 58 62 98 86 58 50 83 60 53 74 63 75 63 35 19 92 15 86 54 19 62 07
[1] 70 55 68 94 84 37 55 68 52 71 47 52 85 69 54 05 85 21 66 16 49 44 32
[32] 75 62 63 98 89 66 54 86 63 71 83 71 79 71 38 23 88 23 88 33 34 43 32

Pixel-basedCRF 81 72 73 92 85 75 78 92 75 76 86 79 87 96 95 31 81 34 84 53 61 60 15

Robust PN CRF 83 73 74 92 86 75 83 94 75 83 86 85 84 95 94 30 86 35 87 53 73 63 16

Segment-basedCRF 75 60 64 95 78 53 86 99 71 75 70 71 52 72 81 20 58 20 89 26 42 40 05

Hierarchical CRF 86 75 80 96 86 74 87 99 74 87 86 87 82 97 95 30 86 31 95 51 69 66 09

Figure4. QuantitativeresultsontheMSRCdataset. Thetableshows%pixel accuracyNi i /
P

j Ni j for different object classes. ‘Global’

referstotheoverall error
P

i ∈ L N i iP
i , j ∈ L N i j

, while‘average’ is
P

i ∈ L
N i i

|L |
P

j ∈ L N i j
. Ni j referstothenumber of pixelsof label i labelled j .

triplets [f , t,θ]. Here f isthenormalised histogramof the

featureset, t isthecluster index, andθathreshold. Aside

fromalarger set of featuresbeingconsidered, theselection

andlearningprocedureisidentical to[26].

Thesegment potential isincorporatedintotheenergyus-

ingRobust PN potentials(5) withparameters

γl
c = λs|c|min(−Hl (c) + K,αh), (14)

whereHl (c) is theresponsegiven by theAda-boost clas-

sifier to clique c taking label l, αh atruncation threshold

γmax
c = |c|(λp + λsα

h), andK = log l ∈ L eH l (c) anor-

malisingconstant.

For our experiments, the cost of pixel labels differing

fromanassociatedsegment label wasset tokl
c = (γmax

c −

γl
c)/ 0.1|c|. Thismeansthat upto10%of thepixelscantake

alabel different to thesegment label without thesegment

variablechangingitsstateto free.

Model Details Forbothdenseunaryandhistogram-based

segment potentials4densefeatureswereused- colour with

128 clusters, location with 144 clusters, texton and HOG

descriptor [6] with150clusters. 5000weakclassifierswere

usedintheboostingprocess.

LearningWeightsfor Hierarchical CRFs Havinglearnt

potentialsξc(xc) asdescribedearlier, theproblemremains

of how to assign appropriateweightsλc. Thisweighting,

andthetrainingof hierarchical modelsingeneral isnot an

easy problem and there is awidebody of literature deal-

ing with it [12, 11, 28]. The approach we take to learn

theseweightsusesacoarsetofine, layer-based, local search

schemeover avalidationset

We first introduce additional notation: V(i ) will refer

to thevariablescontained in the i th layer of thehierarchy,

whilex(i ) isthelabellingof V(i ) associatedwithaMAPes-

timateover thetruncatedhierarchical CRFconsistingof the

randomvariables v = {v ∈ V(k) : k ≥ i} . Given the

validation datawecan determineadominant label Lc for

eachsegment c, suchthat LF = l when i∈ l ∆(xi = l) =

0.5|c|, if thereisnosuchdominant label, weset Lc = LF .

Int J Comput Vis (2012) 96:83–102 97

Table 1 MSRC-21 segmentation results. The average score provides the average per-class recall. The global scores gives the percentage of

correctly classified pixels

Fig. 8 Qualitative results for

the MSRC-21 dataset.

Comparison between (b) no

consistency potentials,

(c) robust PN-based potentials,

and (d) harmony potentials.

(e) Ground-truth images. In the

first three rows the harmony

potential successfully improves

segmentation results. The last

two rows show failure cases of

harmony potentials

Table 2 PASCAL VOC 2010 segmentation results. Comparison of the harmony potential with state-of-the-art methods
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Sonogram Fulkerson09 DPM-Levelset Proposed

Fig. 3. Lesion segmentation results on breast ultrasound images. The upper 4 rows

arebenign casesand thelower 4 aremalignant. Contoursof groundtruth areshown in

yellow. Detection windows of DPMwith maximal confidencesareshown asbluerectan-

gles in the3rd column. Notethat theDPMdetector worksin both DPM-Levelset and the

proposed algorithm. When it fails in the4th and thelast cases, theproposed algorithm

ignores thedetection mistakes and outperforms its counterparts.

!,#$

Fig. 1.3 Different examples of various segmentat ion tasks. (a) to (d) show

examples of segmentat ion tasks in computer vision applicat ions: (a) and (b)

animal segmentat ion [16, 17], (c) ship segmentat ion [18] and (d) building de-

tect ion [19]. (e) to (i) show examples of healthy st ructure or large pathology

segmentat ion in medical imaging: (e) abdominal organs in CT [20], (f ) hip-

pocampus [21], (g) left vent ricle [22], (h) enhanced brain tumor [23], and (i)

breast tumor in ult rasound images [24].

1.1 Out l ine of Framework

The goal of this thesis is to develop a robust classificat ion algorithm that can be used to

detect , localize and to segment the enhanced pathologies from the pool of other enhance-

ments. It is difficult to accurately segment an arbitrary image by only considering one

source of informat ion (e.g. intensity). These pathologies are so small and noisy that the

framework needs to leverage local neighbourhood information in order to assist with detec-



Challenges: Lesion Detection and Segmentation
▪ MS Lesions vary significantly in:

▪ Appearance

▪ Shape

▪ Location

▪ Size: 3 to 100+ voxels (many are very small) 

▪ Load: 1 to 100+ lesions

▪ Consequently:

▪ Prior shape models will not work

▪ Cannot find Regions of Interest

▪ Cannot use size priors

▪ Automatic approaches have been developed to accurately segment T2 lesion voxels: 

▪ Optimized for high segmentation accuracy for large lesions (DICE), small lesions missed

MAIN 2017 14



Measuring MS Activity in Clinical Trials

▪ For clinical trials, wider number of metrics required to determine 

“burden of disease” and activity in order to measure treatment efficacy:

▪ Number and lesion volume of T2 lesions in MRI

▪ Number of new T2 lesions in longitudinal MRI

▪ Number of gadolinium enhancing lesions in T1 MRI

▪ Need to count the number of lesions, even small lesions (3-10 voxels)

Lesion level detection task more than segmentation task 
(Garcia et. al.)

▪ Consistency over time is most important task 

▪ Robustness to:

▪ different clinical trials

▪ scanner and centre variability

▪ disease stage

MAIN 2017 15

All images courtesy of 

NeuroRx Research



T2 Lesion Detection and Segmentation on 
“Big Clinical Trial Data”

• Developed probabilistic machine learning framework – iterative, hierarchical graphical model 
(Markov Random Field)– to detect and segment T2 lesions in MRI. 

16N. Subbanna et. al., "IMaGe: Iterative Multilevel Probabilistic Graphical Model for Detection and Segmentation of Multiple Sclerosis 

Lesions in Brain MRI", IPMI 2015



T2 Lesion Detection and Segmentation on 
“Big Clinical Trial Data”

• Method is accurate, robust and works across large, multi-center clinical trial datasets, 
provided by industrial partner.

Training Trials: 1320 patients with 1.5T MRI, 208 MRI 3T field strength

Test Trials: 535 patients with 1.5T MRI from 128 centres, 62 patients with 3T MRI from 24 
centres

• Significant advantage for small lesions

• Over 40% of lesions are small (3-10 voxels)

• Method generalizable to other contexts….

17N. Subbanna et. al., "IMaGe: Iterative Multilevel Probabilistic Graphical Model for Detection and Segmentation of Multiple Sclerosis 

Lesions in Brain MRI", IPMI 2015



Brain Tumour Segmentation

MAIN 2017 18

▪ Detect tumour and segment into different sub-structures

▪ Important: diagnosis, outcome prediction, surgical planning

▪ necrotic core, edema, enhancing tumour, solid tumour.  



Brain Tumour Segmentation

N. Subbanna et. al.,”Iterative Multilevel MRF Leveraging Context and Voxel Information for Brain Tumour Segmentation in 

MRI”, CVPR 2014
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Results on MICCAI BRaTs 2012, 2013

20

High Grade Glioma

Results

Low Grade Glioma

Results

• One of top performing method in 2012, 2013 MICCAI BRaTs challenges

N. Subbanna et. al.,”Iterative Multilevel MRF Leveraging Context and Voxel Information for Brain Tumour Segmentation in 

MRI”, CVPR 2014



Brain Tumour Segmentation – Clinical Impact

▪ Software license to Synaptive Medical, 

a Canadian medical company 

▪ Builds neurosurgery imaging platform, 

used by hospitals throughout North 

America for surgical planning. 

MAIN 2017 21



Longitudinal MS Lesion Analysis

▪ Lesions will typically grow and then 
partially or completely resolve (RRMS)

▪ Appearance of new T2-lesions used as 
surrogate for disease activity

▪ New T2-lesion counts and volume used 
as endpoint in clinical trials

▪ Manual/semi-manual segmentation 
inconsistent over different timepoints

▪ Increased segmentation consistency over 
time leads to more precise 
measurements of actual lesion change.

MAIN 2017 22
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Longitudinal MS Lesion Analysis

▪ Subtraction images used to detect differences over baseline and 
follow-up timepoints. 

MAIN 2017 23

Baseline Follow-up



Challenges: Longitudinal Analysis

▪ Inter-timepoint imaging artifacts are introduced by:

▪ Local misregistration

▪ Intensity normalization errors

▪ Different realizations of acquisition artifact / noise

▪ Atrophy

▪ Consequently

▪ Simple subtraction imaging is not enough

▪ Need to be able to distinguish intensity 
differences due to lesion activity from artifactual
intensity differences

MAIN 2017 24



Bayesian Framework for Segmentation of New
and Resolving MS lesions in Serial MRI

• Developed automatic Bayesian 4-D segmentation of temporal evolution of 

lesions which analyzes many images acquired at different timepoints.

• Framework works by learning probabilistic models for changes in intensity 

patterns, shape, classes, differences.

• To permit assessing treatment effects in clinical trials, method differentiates 

between

• New Lesion

• Resolving Lesion

• Stable lesion

25C. Elliott et. al, "Temporally Consistent Probabilistic Detection of New Multiple Sclerosis Lesions in Brain MRI”, TMI 2013.  

C. Elliott et. al., "A Generative Model for Automatic Detection of Resolving Multiple Sclerosis Lesions”, BAMBI MICCAI 2014.



Small Enhanced Pathologies 
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Reasonable speculation existsthat lesion nonvisualization

on the day of biopsy results from hormonal fluctuationsof

normal breast tissue, linked to themenstrual cycle, resulting

in variable enhancement patterns (3). However, our data

and that of Brennan et al found no significant difference in

cancelation rates because of nonvisualization among pre-

and postmenopausal women, and we found no differences

in younger versus older age groups (8). In the absence of

histological data to further investigate this theory, the true

etiology remainsuncertain. One limitation of our study is

thesmall samplesize; further study with alarger samplesize

might demonstrate a difference relating to these factors.

Another possible explanation for lesion nonvisualization on

thedayof biopsy couldbethat prominent BPEmasksapre-

viously visualized lesion. However, thishypothesisdid not

prove true in our series. Neither BPE nor mammographic

breast density was associated with lesion nonvisualization.

However, Brennan et al reported higher cancelation rates

from lesion nonvisualization in both of these groups. The

small number of lesionsin our seriesisalimitation and may

account for thesecontradictory results.

Our studyhasanother potential limitation.All of our orig-

inal studies were performed at 3.0 T MRI; however, our

biopsieswereperformed on a1.5 T scanner. Although our

data suggest the use of differing magnet strengths did not

influence lesion nonvisualization on breast MRI, this issue

remainsunsettled given the small sample size of our study,

and it is possible that lesion nonvisualization could have

occurredbecausethelower fieldstrength magnet wasunable

to identify a lesion seen at 3.0 T. However, follow-up

scansusing3.0-T MRI scannersin10of 11casesconfirmed

resolution of thelesions, suggestingthat differencesindetec-

tionthresholdsof thetwoscannerswasnot thecauseof lesion

nonvisualization.Onlyonepatient didnot undergofollow-up

MRI despitetheradiologist’srecommendations; however, no

malignancywasdetected innearly 4yearsof mammographic

follow-up in thispatient. Becausetheoriginal lesion in that

case wasmammographically occult, MRI follow-up would

have been preferable in establishing stability. However, the

lack of amalignant diagnosisafter 4yearsof mammographic

stability makes it doubtful that the original MRI-only

detected lesion wasmalignant.

In conclusion, our study found a13%cancelation rateof

MRI-guidedbreast biopsiesfromnonvisualizationof asuspi-

ciouslesionsoriginallydetectedwith3.0-T MRI.Thisrateis

similar to thosereportedpreviously for nonvisualized lesions

originallydetectedat 1.0- and1.5-T MRI,andnosubsequent

cancersweredetected in our patientson follow-up imaging.

Although further study usinglarger samplesizesiswarranted

tocomparecancer detection ratesincompletedandcanceled

biopsies,ourdatasuggest that cancelingMRI-guidedbiopsies

becauseof lesion nonvisualization isareasonableapproach in

thesesituations, if prudent andcautiousmeasuresaretakenat

Figure 3. Axial T1-weighted fat-suppressed contrast-enhanced

magnetic resonance image(MRI) ina55-year-old womanwithnewly

diagnosed invasiveductal carcinomaof theleft breast showsanarea

of linear nonmasslikeenhancement (arrows)intheright breast, which

was not seen 13 days later at the time of planned MRI-guided vac-

uum-assisted coreneedlebiopsy. Thepatient returned in12months

for a follow-up MRI and this findingwas not present.

TABLE2. Morphologic Descriptors of Masses (n = 23)

Descriptor

Number of Masses

Visualized (n = 20)

Number of Masses

Nonvisualized (n = 3)

Shape

Round 8/23 (35) 0/23 (0)

Oval 4/23 (17) 1/23 (1)

Lobular 1/23 (1) 0/23 (0)

Irregular 7/23 (30) 2/23 (9)

Margins

Smooth 5/23 (22) 0/23 (0)

Irregular 12/23 (52) 3/23 (13)

Spiculated 3/23 (13) 0/23 (0)

All masses 20/23 (87) 3/23 (13)

Data in parentheses are percentages.

TABLE 3. Morphologic Descriptors of NMLE(n = 86)

Descriptor

Number of NMLE

Visualized (n = 75)

Number of NMLE

Nonvisualized (n = 11)

Focal 25/86 (29) 4/86 (5)

Linear/ductal 30/86 (35) 5/86 (6)

Segmental 7/86 (8) 1/86 (1)

Regional 11/86 (13) 1/86 (1)

Diffuse 2/86 (2) 0/86 (0)

All NMLE 75/86 (9) 11/86 (13)

NMLE, nonmasslike enhancement.

Data in parentheses are percentages.
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good liver function, were included in the study, and so the

present results may better represent the general patient

population with chronic liver disease.

Recent studies demonstrated the superior ef cacy of

gadoxetic acid in thedetection and characterization of HCC

inpatientswith chronicliver disease,comparedwith CTand

MRI.32,33 As the interpretation of CT is based on the depic-

tion of thevascularity of lesions, sometimes it isdif cult to

detect hypovascular HCC in the cirrhotic liver. However,

gadoxetic acid-enhanced MRI images can assess hepatic

lesions by both dynamic and hepatobiliary phase imaging.

This advantage of gadoxetic acid-enhanced MRI is helpful

for the detection and characterization of hepatocellular

nodulesbecauseevaluation of both vascularity and function

ispossible. Apreviousstudy by Di Martino et al.33 reported

that gadoxetic acid-enhanced MRI showed signi cantly

higher sensitivity (85 versus 69%for MRI compared to

MDCT) in the detection of HCC. However, Kim et al.17

reported results similar to those of the present study,

nding that gadoxetic acid-enhanced MRI and MDCT

showed similar sensitivities (94, 91.6, and 94%for MRI and

92.8,89.2,and 85.5%for CT) in thepreoperativedetection of

HCC. The differences in sensitivity for detecting HCCcould

be explained by the different populations and the sizes of

the tumours. The superior sensitivity for detecting HCCin

thestudy by Di Martino et al. can beascribed to thesmaller

sizes of the tumours (average diameter 1.8 cm) compared

with the average sizes of the tumours in the present study

Table 3

Positive predictive value (PPV) and negative predictive value (NPV) in the detection of hepatocellular carcinoma (HCC).

Imaging technique PPV NPV

Reader 1 Reader 2 Reader 1 Reader 2

MDCT 100 (55/55, 0) 95 (57/60, 3) 67.3 (37/55, 18) 68 (34/50, 16)

Dyn MRI 95.7 (67/70, 3) 98.4 (62/63, 1) 85 (34/40, 6) 76.6 (36/47, 11)

Dyn MRIþ HBP 94.4 (67/71, 4) 98.4 (63/64, 1) 84.6 (33/39, 6) 78.3 (36/46, 10)

The rst set of numberswithin parenthesesarethenumbersused to calculate thepercentagesand thesecond number within theparentheses represents the

false-positive lesionsor false-negative lesions, asindicated. For positive-predictive value, numbers in theparenthesesarethenumber of true-positive lesions

divided by thetotal number of lesionsassigned acon dence level of 3 or 4.For negativepredictivevalue, numbers in theparenthesesarethenumber of true-

negative lesionsdivided by thetotal number of lesionsassigned acon dence level of 1 or 2. Thedifferences in positiveand negativepredictive valuesof each

image set for both readers were not statistically signi cant (p> 0.05).

MDCT, multidetector computed tomography; MRDyn, dynamic magnetic resonance imaging; MRDynþ HBP, dynamic and hepatobiliary phase magnetic

resonance imaging.

Figure 2 A 65-year-old man with a small HCClesion. (a) Gadoxetic acid-enhanced MRI image, obtained at the arterial phase shows a 4.2 mm

small hypervascular nodule (arrow) in liver segment 8. (b, c) Gadoxetic acid-enhanced MRI images, obtained at equilibrium and at 20 min

delayed hepatobiliary phaseappear hypointensecompared to thebackground liver,a ndingconsistent with HCC.On aT2-weighted MRI image,

this nodule shows high signal intensity (not shown), (d, e) but transverse contrast-enhanced MDCTobtained during the hepatic arterial and

delayed phasesshow no corresponding nodule (false-negativeresult). (f) Post-TACEfollow-up transverseunenhanced MDCTshowstiny lipiodol

uptake (arrow) in liver segment 8. (g) Transverse contrast-enhanced MDCTobtained at the hepatic arterial phase performed during follow-up

approximately 8 months later shows a substantial interval increase in the size of the lesion (arrow).

C.-K. Baek et al. / Clinical Radiology 67 (2012) 148e156 153
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Reasonable speculation existsthat lesion nonvisualization

on the day of biopsy results from hormonal fluctuationsof

normal breast tissue, linked to themenstrual cycle, resulting

in variable enhancement patterns (3). However, our data

and that of Brennan et al found no significant difference in

cancelation rates because of nonvisualization among pre-

and postmenopausal women, and we found no differences

in younger versus older age groups (8). In the absence of

histological data to further investigate this theory, the true

etiology remainsuncertain. One limitation of our study is

thesmall samplesize; further study with alarger samplesize

might demonstrate a difference relating to these factors.

Another possible explanation for lesion nonvisualization on

thedayof biopsy couldbethat prominent BPEmasksapre-

viously visualized lesion. However, thishypothesisdid not

prove true in our series. Neither BPE nor mammographic

breast density was associated with lesion nonvisualization.

However, Brennan et al reported higher cancelation rates

from lesion nonvisualization in both of these groups. The

small number of lesionsin our seriesisalimitation and may

account for thesecontradictory results.

Our studyhasanother potential limitation.All of our orig-

inal studies were performed at 3.0 T MRI; however, our

biopsieswereperformed on a1.5 T scanner. Although our

data suggest the use of differing magnet strengths did not

influence lesion nonvisualization on breast MRI, this issue

remainsunsettled given the small sample size of our study,

and it is possible that lesion nonvisualization could have

occurredbecausethelower fieldstrength magnet wasunable

to identify a lesion seen at 3.0 T. However, follow-up

scansusing3.0-T MRI scannersin10of 11casesconfirmed

resolution of thelesions, suggestingthat differencesindetec-

tionthresholdsof thetwoscannerswasnot thecauseof lesion

nonvisualization.Onlyonepatient didnot undergofollow-up

MRI despitetheradiologist’srecommendations; however, no

malignancywasdetected innearly 4yearsof mammographic

follow-up in thispatient. Becausetheoriginal lesion in that

case wasmammographically occult, MRI follow-up would

have been preferable in establishing stability. However, the

lack of amalignant diagnosisafter 4yearsof mammographic

stability makes it doubtful that the original MRI-only

detected lesion wasmalignant.

In conclusion, our study found a13%cancelation rateof

MRI-guidedbreast biopsiesfromnonvisualizationof asuspi-

ciouslesionsoriginallydetectedwith3.0-T MRI.Thisrateis

similar to thosereportedpreviously for nonvisualized lesions

originallydetectedat 1.0- and1.5-T MRI,andnosubsequent

cancersweredetected in our patientson follow-up imaging.

Although further study usinglarger samplesizesiswarranted

tocomparecancer detection ratesincompletedandcanceled

biopsies,ourdatasuggest that cancelingMRI-guidedbiopsies

becauseof lesion nonvisualization isareasonableapproach in

thesesituations, if prudent andcautiousmeasuresaretakenat

Figure 3. Axial T1-weighted fat-suppressed contrast-enhanced

magnetic resonance image(MRI) ina55-year-old womanwithnewly

diagnosed invasiveductal carcinomaof theleft breast showsanarea

of linear nonmasslikeenhancement (arrows)intheright breast, which

was not seen 13 days later at the time of planned MRI-guided vac-

uum-assisted coreneedlebiopsy. Thepatient returned in12months

for a follow-up MRI and this findingwas not present.

TABLE2. Morphologic Descriptors of Masses (n = 23)

Descriptor

Number of Masses

Visualized (n = 20)

Number of Masses

Nonvisualized (n = 3)

Shape

Round 8/23 (35) 0/23 (0)

Oval 4/23 (17) 1/23 (1)

Lobular 1/23 (1) 0/23 (0)

Irregular 7/23 (30) 2/23 (9)

Margins

Smooth 5/23 (22) 0/23 (0)

Irregular 12/23 (52) 3/23 (13)

Spiculated 3/23 (13) 0/23 (0)

All masses 20/23 (87) 3/23 (13)

Data in parentheses are percentages.

TABLE 3. Morphologic Descriptors of NMLE(n = 86)

Descriptor

Number of NMLE

Visualized (n = 75)

Number of NMLE

Nonvisualized (n = 11)

Focal 25/86 (29) 4/86 (5)

Linear/ductal 30/86 (35) 5/86 (6)

Segmental 7/86 (8) 1/86 (1)

Regional 11/86 (13) 1/86 (1)

Diffuse 2/86 (2) 0/86 (0)

All NMLE 75/86 (9) 11/86 (13)

NMLE, nonmasslike enhancement.

Data in parentheses are percentages.
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good liver function, were included in the study, and so the

present results may better represent the general patient

population with chronic liver disease.

Recent studies demonstrated the superior ef cacy of

gadoxetic acid in thedetection and characterization of HCC

inpatientswith chronicliver disease,comparedwith CTand

MRI.32,33 As the interpretation of CT is based on the depic-

tion of thevascularity of lesions, sometimes it isdif cult to

detect hypovascular HCC in the cirrhotic liver. However,

gadoxetic acid-enhanced MRI images can assess hepatic

lesions by both dynamic and hepatobiliary phase imaging.

This advantage of gadoxetic acid-enhanced MRI is helpful

for the detection and characterization of hepatocellular

nodulesbecauseevaluation of both vascularity and function

ispossible. Apreviousstudy by Di Martino et al.33 reported

that gadoxetic acid-enhanced MRI showed signi cantly

higher sensitivity (85 versus 69%for MRI compared to

MDCT) in the detection of HCC. However, Kim et al.17

reported results similar to those of the present study,

nding that gadoxetic acid-enhanced MRI and MDCT

showed similar sensitivities (94, 91.6, and 94%for MRI and

92.8,89.2,and 85.5%for CT) in thepreoperativedetection of

HCC. The differences in sensitivity for detecting HCCcould

be explained by the different populations and the sizes of

the tumours. The superior sensitivity for detecting HCCin

thestudy by Di Martino et al. can beascribed to thesmaller

sizes of the tumours (average diameter 1.8 cm) compared

with the average sizes of the tumours in the present study

Table 3

Positive predictive value (PPV) and negative predictive value (NPV) in the detection of hepatocellular carcinoma (HCC).

Imaging technique PPV NPV

Reader 1 Reader 2 Reader 1 Reader 2

MDCT 100 (55/55, 0) 95 (57/60, 3) 67.3 (37/55, 18) 68 (34/50, 16)

Dyn MRI 95.7 (67/70, 3) 98.4 (62/63, 1) 85 (34/40, 6) 76.6 (36/47, 11)

Dyn MRIþ HBP 94.4 (67/71, 4) 98.4 (63/64, 1) 84.6 (33/39, 6) 78.3 (36/46, 10)

The rst set of numberswithin parenthesesarethenumbersused to calculate thepercentagesand thesecond number within theparentheses represents the

false-positive lesionsor false-negative lesions, asindicated. For positive-predictive value, numbers in theparenthesesarethenumber of true-positive lesions

divided by thetotal number of lesionsassigned acon dence level of 3 or 4.For negativepredictivevalue, numbers in theparenthesesarethenumber of true-

negative lesionsdivided by thetotal number of lesionsassigned acon dence level of 1 or 2. Thedifferences in positiveand negativepredictive valuesof each

image set for both readers were not statistically signi cant (p> 0.05).

MDCT, multidetector computed tomography; MRDyn, dynamic magnetic resonance imaging; MRDynþ HBP, dynamic and hepatobiliary phase magnetic

resonance imaging.

Figure 2 A 65-year-old man with a small HCClesion. (a) Gadoxetic acid-enhanced MRI image, obtained at the arterial phase shows a 4.2 mm

small hypervascular nodule (arrow) in liver segment 8. (b, c) Gadoxetic acid-enhanced MRI images, obtained at equilibrium and at 20 min

delayed hepatobiliary phaseappear hypointensecompared to thebackground liver,a ndingconsistent with HCC.On aT2-weighted MRI image,

this nodule shows high signal intensity (not shown), (d, e) but transverse contrast-enhanced MDCTobtained during the hepatic arterial and

delayed phasesshow no corresponding nodule(false-negativeresult). (f) Post-TACEfollow-up transverseunenhanced MDCTshowstiny lipiodol

uptake (arrow) in liver segment 8. (g) Transverse contrast-enhanced MDCTobtained at the hepatic arterial phase performed during follow-up

approximately 8 months later shows a substantial interval increase in the size of the lesion (arrow).

C.-K. Baek et al. / Clinical Radiology 67 (2012) 148e156 153
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Gadolineum Enhancing MS Lesions 
• Inject patient with contrast agent

• Gad lesions: 

• Portion of lesions enhance in T1-weighted MRI after injection - associated with active inflammations.

• Clinical trials: Important marker for determining treatment effect.

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 

Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 

Lesions in Brain MRI”, TMI 2015 

BEFORE CONTRAST AFTER CONTRAST MANUAL LABELS
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Gad-Enhancing Lesions 
• Segmentation Challenges:

▪ Large amount of non-lesion enhancements (e.g. 
vessels).

▪ Various shapes, location and intensity patterns.

▪ Variability in location of lesions (mostly in WM) –
makes finding ROI impossible

▪ Lesions often tiny!

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 

Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 

Lesions in Brain MRI”, TMI 2015 

BEFORE CONTRAST AFTER CONTRAST

ENHANCEMENT MAP MANUAL LABELS
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Gad-Enhancing Lesions
• Segmentation Challenges:

▪ Large amount of non-lesion enhancements (e.g. 
vessels).

▪ Various shapes, location and intensity patterns.

▪ Variability in location of lesions (mostly in WM) –
makes finding ROI impossible

▪ Lesions often tiny!

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 

Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 

Lesions in Brain MRI”, TMI 2015 
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Gad-Enhancing Lesions
• Segmentation Challenges:

▪ Large amount of non-lesion enhancements (e.g. 
vessels).

▪ Various shapes, location and intensity patterns.

▪ Variability in location of lesions (mostly in WM) –
makes finding ROI impossible

▪ Lesions often tiny!

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 

Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 

Lesions in Brain MRI”, TMI 2015 
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Gad-Enhancing Lesions - Small Size

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 

Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 

Lesions in Brain MRI”, TMI 2015 
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Gad-Enhancing Lesions - Small Size

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 

Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 

Lesions in Brain MRI”, TMI 2015 

Post –contrast

MRI (T1-C)

High enhanced

regions

Ground 

Truth

Enlarged 

Area

Enlarged

Manual labels

• Can’t use segmentation 

techniques that work with 

large pathologies (e.g. 

textures and shapes)

• Classical MRF (Potts model) 

will “smooth out” small 

lesions

1 I nt roduct ion 6

small enhanced pathology detect ion, where evidence from different possible sources is fed

into the system in order to improve the discriminatory power of the model. The out line of

the model is summarized in the next sect ion, and the specific clinical context that is used

for test ing the performance of the proposed model is detailed in Sect ion 1.2.

· Initialization mask 

 

Instead of segmenting the entire image under study, we define an initialization mask around 

the structure of interest. A number of strategies can be used to propose an accurate 

initialization, such as matching the best subject (Barnes et al., 2008) followed by a 

morphological dilation of the mask. In this case, we chose a very fast and simple approach 

that uses the union of all the expert segmentations in the training database as the initial mask. 

In this way, we ensure that the structure is completely included in the mask and demonstrate 

the robustness of our method to coarse initialization (see Fig. 2).  

 

  
Fig. 2. I nitialization masks. Initialization masks used for the hippocampus and ventricle 

datasets overlaid in blue on one subject. 

 

· Subject selection 

 

A selection is also performed at the subject level that resembles the selection of best subjects 

in the label fusion method (Aljabar et al., 2009). In our method, we use the sum of the 

squared difference (SSD) across the initialization mask instead of normalized mutual 

information over the image, as suggested by Aljabar et al. (2009). This strategy was chosen 

because SSD is sensitive to variation in contrast and luminance; thus, we expect to find a 

greater number of similar patches (in the sense of the L2 norm) in subjects with smaller 

SSDs. The same N closest subjects are retained during the entire segmentation process (see 

Fig. 3 where the three closest subjects are displayed).  

 

· Search volume definition 

 

Initially, the nonlocal means denoising filter was proposed as a weighted average of all the 

pixels in the image (Buades et al., 2005). For computational reasons, the entire image cannot 

be used and the number of pixels involved has to be reduced. As done for denoising (Buades 

et al., 2005; Coupe et al., 2008), we use a limited search volume Vi, defined as a cube 

centered on the voxel xi under study. Thus, within each of the N selected subjects, we search 

for similar patches in a cubic region around the location under study (see Fig. 3). This search 

volume can be viewed as the intersubject variability of the structure of interest in stereotaxic 

space. This variability can increase for a subject with pathology or according to the structure 

under consideration.  
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Hierarchical Probabilistic Gabor and MRF Segmentation of Brain Tumours 753

Fig. 1. Flowchart displaying the various stages of the classification technique. In the MRF classi-

fication and expert labels, red label represents edema, and green represents tumour.

2 Proposed Framework

We develop a hierarchical probabilistic brain tumour segmentation approach, using two

stages. In the first stage, multiwindow Gabor decompositions of the multi-spectral MRI

training images are used to build multivariate Gaussian models for both the healthy

tissues and the tumour (including core and edema tissue). A Bayesian classification

framework using these features is used to obtain initial classification results. In the sec-

ond stage, Gaussian models are built for healthy tissues (i.e. grey matter (GM), white

matter (WM) and cerebrospinal fluid (CSF)) as well as for tumour tissues (e.g. core tis-

sues, edema) from intensity distributions acquired from the training dataset. A Markov

Random Field is trained to classify all these types of tissues. A flowchart of the process

is shown in Fig. 1. We now present in detail the two stages.

2.1 Stage 1: M ultiwindow Gabor Bayesian Classification

Training: The data consists of MRI intensity volumes in different contrasts (T1, T1c

(T1-post gado-contrast), T2 and FLAIR). Hence, at each voxel, we have a 4-dimensional

vector containing the intensity in each contrast. Each contrast f of each volume is pro-

cessed using multiwindow, 2D Gabor transforms of the form suggested by [16]. We use

a set of R window functions gr , r = 1. . .R of the form:

gr [x,y;a,b,n1,n2,m1,m2,σxr
,σyr

] = e− ((x− n1a)2/ σx r
2+ (y−n2a)2/ σy r

2)e− j 2π(m1bx+ m2by)/ L ,

(1)

where L is the total number of voxels in the slice under consideration, x and y are

space coordinates within the slice, a and bare the magnitude of the shifts in the spatial

and frequency domains respectively, n1,2 and m1,2 are the indices of the shifts in the

302 C. Bhole et al.

Fig. 1 (Left) a coarsely

registered axial data slice from

the liver segmentation data set

of [16], and (r ight) the liver

segmentation and our manual

segmentation for other

anatomical structures. Each

shade denotes a different class

label. The classes in decreasing

order of brightness are spleen,

gall bladder, right kidney, left

kidney, liver and background or

other tissues class

extremely tedious. The task is so laborious that even gather-

ing training data to build and evaluate automated systems is

a challenge. In this paper, we thus show how state of the art

machine learning techniques and recently developed image

features can be used to construct such systems. We focus

on segmenting some key abdominal structures within com-

puted tomography (CT) imagery using different amounts of

user interaction. However, the techniques we present should

be much more broadly applicable to different segmentation

problems. We focus in particular on 3D or volumetric seg-

mentation. Some examples of the anatomical structures we

explore are given in Fig. 1, where we show a 2D axial image

slice along with manual segmentation of some organs of

interest. We also explore models that are specialized for the

challenging task of adrenal gland segmentation. In Fig. 2, we

show a sample 2D slice and the zoomed in region containing

an adrenal gland along with a detailed manual segmentation.

The CT imagery shown here and in subsequent figures comes

from the liver segmentation data of [16].1

The adrenal gland is a common site of disease, and detec-

tion of adrenal masses has increased with the expanding use

of cross-sectional imaging. Radiology is playing a critical

role not only in the detection of adrenal abnormalities but

in characterizing them as benign or malignant [29]. In order

to facilitate this process, computer-aided diagnosis systems

could build upon precise voxel level segmentations of the

adrenal gland as a first step for subsequent automated image

processing and classification steps. In both Figs. 1 and 2 as

well as the corresponding organ and adrenal gland exper-

iments in the paper, we use segmentations that have been

obtained from an expert abdominal radiologist. It is our

intention to make our ground truth segmentations available

online.2

Machine learning techniques are playing an essential role

in modern medical image analysis systems. The problem of

image segmentation can be particularly important as seg-

mentations can both be useful in themselves as well as

1 http://www.sliver07.org/.

2 http://www.cs.rochester.edu/~bhole/medicalseg.

Fig. 2 The figure shows the left (clinical) adrenal gland of a normal

patient

serving as input to subsequent automated processing tech-

niques. Markov random fields (MRFs) provide an attractive

framework for image segmentation. For example, previous

work with some goals similar to ours has sought to create

probabilistic atlases of the abdomen and then explored their

application in segmentation using traditional MRFs which

factorize into likelihoods derived from image properties

and spatial priors in the form of MRFs [35]. Park et

al. [35] explored the importance of the probabilistic atlas and

used unsupervised segmentation with maximum a posteriori

(MAP) configuration estimation using the Iterated Condi-

tional Modes (ICM) algorithm of Besag [2]. This type of

approach was common at the time in that interaction poten-

tials were set by hand, discriminative learning techniques

were not used and Besag’s fast but local minima prone ICM

algorithm was used for inference. In our work here, we use

Gaussian mixture models to encode a form of statistical atlas

as well. Such information can serve as a powerful feature

encoding higher level semantic information.

Recent insights have given rise to a new distinction

between traditional MRFs which define a joint distribution

over both segmentation classes and features and conditional

random fields (CRFs) [25] which model the conditional dis-

tributions of the segmentation field directly. CRFs have had

a major impact in machine learning in recent years and our

work here explores their application to 3D image segmen-
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two disconnected subgraphs, each containing a terminal node, and whose sum of edge

weights is minimal. This minimum cut, which assigns each node (pixel) p in P to one

of the two terminals, induces an optimal labeling Ln
opt (Ln

opt (p) = 1 if p is connected

to TF and Ln
opt (p) = 0if pis connected to TB ), which minimizes globally the approx-

imation in (10) and, therefore, the proposed energy function.

3 Experimental Evaluations and Comparisons

We applied the method to 120 short axis cardiac cine MR sequences acquired from

20 subjects: a total of 2280 images including apical, mid-cavity and basal slices were

automatically segmented, and the results were compared to independent manual seg-

mentations by an expert. Using the same datasets, we compared the accuracy and com-

putational load/time of the proposed method with the recent LV segmentation in [1].

Similar to [1], the proposed method relaxes the need of a training, and model dis-

tributions were learned from a user-provided segmentation of the first frame in each

sequence. The regularization and kernel width parameters were unchanged for all the

datasets: λ is fixed equal to 0.15, and kernel width σ is set equal to 2 for distance dis-

tributions, and equal to 10for intensity distributions. In Fig. 1, we give a representative

sample of the results for 2subjects. Although it uses information from only one frame

in the current data, the method handles implicitly variations in the scale/shape of the

Subject 1, a sample of the results with mid-cavity (1st row) and apical (2nd row) frames

Subject 2, a sample of the results with mid-cavity (1st row) and basal (2nd row) frames

Fig. 1. A representative sample of the results for 2subjects

Original Image Pixel-based CRF Segment-based CRF Hierarchical CRF GroundTruth

Figure3. Qualitative, resultsontheMSRC-21dataset, comparingnon-hierarchical(i.e. pairwisemodels) approachesdefinedover pixels

(similar toTextonBoost [26]) or segments(similar to[32, 18, 22] describedinsection3) against our hierarchical model. Regionsmarked

blackinthehand-labelledgroundtruthimageareunlabelled.
G

l
o
b
a
l

A
v
e
r
a
g
e

B
u
i
l
d
i
n
g

G
r
a
s
s

T
r
e
e

C
o
w

S
h
e
e
p

S
k
y

A
e
r
o
p
l
a
n
e

W
a
t
e
r

F
a
c
e

C
a
r

B
i
c
y
c
l
e

F
l
o
w

e
r

S
i
g
n

B
i
r
d

B
o
o
k

C
h
a
i
r

R
o
a
d

C
a
t

D
o
g

B
o
d
y

B
o
a
t

[25] 72 67 49 88 79 97 97 78 82 54 87 74 72 74 36 24 93 51 78 75 35 66 18
[26] 72 58 62 98 86 58 50 83 60 53 74 63 75 63 35 19 92 15 86 54 19 62 07
[1] 70 55 68 94 84 37 55 68 52 71 47 52 85 69 54 05 85 21 66 16 49 44 32
[32] 75 62 63 98 89 66 54 86 63 71 83 71 79 71 38 23 88 23 88 33 34 43 32

Pixel-basedCRF 81 72 73 92 85 75 78 92 75 76 86 79 87 96 95 31 81 34 84 53 61 60 15

Robust PN CRF 83 73 74 92 86 75 83 94 75 83 86 85 84 95 94 30 86 35 87 53 73 63 16

Segment-basedCRF 75 60 64 95 78 53 86 99 71 75 70 71 52 72 81 20 58 20 89 26 42 40 05

Hierarchical CRF 86 75 80 96 86 74 87 99 74 87 86 87 82 97 95 30 86 31 95 51 69 66 09

Figure4. QuantitativeresultsontheMSRCdataset. Thetableshows%pixel accuracyNi i /
P

j Ni j for different object classes. ‘Global’

referstotheoverall error
P

i ∈ L N i iP
i , j ∈ L N i j

, while‘average’ is
P

i ∈ L
N i i

|L |
P

j ∈ L N i j
. Ni j referstothenumber of pixelsof label i labelled j .

triplets [f , t,θ]. Here f isthenormalised histogramof the

featureset, t isthecluster index, andθathreshold. Aside

fromalarger set of featuresbeingconsidered, theselection

andlearningprocedureisidentical to[26].

Thesegment potential isincorporatedintotheenergyus-

ingRobust PN potentials(5) withparameters

γl
c = λs|c|min(−Hl (c) + K,αh), (14)

whereHl (c) is theresponsegiven by theAda-boost clas-

sifier to clique c taking label l, αh atruncation threshold

γmax
c = |c|(λp + λsα

h), andK = log l ∈ L eH l (c) anor-

malisingconstant.

For our experiments, the cost of pixel labels differing

fromanassociatedsegment label wasset tokl
c = (γmax

c −

γl
c)/ 0.1|c|. Thismeansthat upto10%of thepixelscantake

alabel different to thesegment label without thesegment

variablechangingitsstateto free.

Model Details Forbothdenseunaryandhistogram-based

segment potentials4densefeatureswereused- colour with

128 clusters, location with 144 clusters, texton and HOG

descriptor [6] with150clusters. 5000weakclassifierswere

usedintheboostingprocess.

LearningWeightsfor Hierarchical CRFs Havinglearnt

potentialsξc(xc) asdescribedearlier, theproblemremains

of how to assign appropriateweightsλc. Thisweighting,

andthetrainingof hierarchical modelsingeneral isnot an

easy problem and there is awidebody of literature deal-

ing with it [12, 11, 28]. The approach we take to learn

theseweightsusesacoarsetofine, layer-based, local search

schemeover avalidationset

We first introduce additional notation: V(i ) will refer

to thevariablescontained in the i th layer of thehierarchy,

whilex(i ) isthelabellingof V(i ) associatedwithaMAPes-

timateover thetruncatedhierarchical CRFconsistingof the

randomvariables v = {v ∈ V(k) : k ≥ i} . Given the

validation datawecan determineadominant label Lc for

eachsegment c, suchthat LF = l when i∈ l ∆(xi = l) =

0.5|c|, if thereisnosuchdominant label, weset Lc = LF .

Int J Comput Vis (2012) 96:83–102 97

Table 1 MSRC-21 segmentation results. The average score provides the average per-class recall. The global scores gives the percentage of

correctly classified pixels

Fig. 8 Qualitative results for

the MSRC-21 dataset.

Comparison between (b) no

consistency potentials,

(c) robust PN-based potentials,

and (d) harmony potentials.

(e) Ground-truth images. In the

first three rows the harmony

potential successfully improves

segmentation results. The last

two rows show failure cases of

harmony potentials

Table 2 PASCAL VOC 2010 segmentation results. Comparison of the harmony potential with state-of-the-art methods

!' #$
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510 Z. Hao et al.

Sonogram Fulkerson09 DPM-Levelset Proposed

Fig. 3. Lesion segmentation results on breast ultrasound images. The upper 4 rows

arebenign casesand thelower 4 aremalignant. Contoursof groundtruth areshown in

yellow. Detection windows of DPMwith maximal confidencesareshown asbluerectan-

gles in the3rd column. Notethat theDPMdetector worksin both DPM-Levelset and the

proposed algorithm. When it fails in the4th and thelast cases, theproposed algorithm

ignores thedetection mistakes and outperforms its counterparts.

!,#$

Fig. 1.3 Different examples of various segmentat ion tasks. (a) to (d) show

examples of segmentat ion tasks in computer vision applicat ions: (a) and (b)

animal segmentat ion [16, 17], (c) ship segmentat ion [18] and (d) building de-

tect ion [19]. (e) to (i) show examples of healthy st ructure or large pathology

segmentat ion in medical imaging: (e) abdominal organs in CT [20], (f ) hip-

pocampus [21], (g) left vent ricle [22], (h) enhanced brain tumor [23], and (i)

breast tumor in ult rasound images [24].

1.1 Out l ine of Framework

The goal of this thesis is to develop a robust classificat ion algorithm that can be used to

detect , localize and to segment the enhanced pathologies from the pool of other enhance-

ments. It is difficult to accurately segment an arbitrary image by only considering one

source of informat ion (e.g. intensity). These pathologies are so small and noisy that the

framework needs to leverage local neighbourhood information in order to assist with detec-
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Gad-Enhancing Lesions
• Segmentation Challenges:

▪ Large amount of non-lesion enhancements (e.g. 
vessels).

▪ Various shapes, location and intensity patterns.

▪ Variability in location of lesions (mostly in WM) –
makes finding ROI impossible

▪ Lesions often tiny!

-> First Conditional Random Field (CRF) Graphical 
Model for Automatic Detection of Gadolinium-
Enhancing Multiple Sclerosis Lesions in Brain MRI

• Z. Karim-Aghaloo et. al., Adaptive Multi-level Conditional Random Fields for Small Enhanced Pathology Detection and Segmentation in 

Medical Images, MIA 2016; 

• Z. Karim-Aghaloo et. al., “Temporal Hierarchical Adaptive Texture CRF for Automatic Detection of Gadolinium-Enhancing Multiple Sclerosis 

Lesions in Brain MRI”, TMI 2015 

BEFORE CONTRAST AFTER CONTRAST

ENHANCEMENT MAP MANUAL LABELS
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Hierarchical Adaptive Voxel and Textural (HAT-CRF)



Temporal Hierarchical 
Adaptive Texture (THAT-CRF)
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5 Temporal H ierarchical A dapt ive Text ure Condit ional Random Field 66

their associated textures to follow the same trend. Specifically, for each texture type

Tk , in addit ion to H Tk
p which is the stat ionary texture extracted at t ime t, H Tk ,t

p is also

computed which is the same texture derived from the same locat ion at t imepoint t . The

corresponding temporal feature is then defined as f (H T
p , H Tk ,t

p ) where f is a funct ion that

finds the distance between the two textures.

Fig. 5.2 shows two examples of temporal textures, one for a lesional and one for a non-

lesional enhancement. H Tk
p and H Tk ,t

p are shown for Tk ∈ { spin image, RIFT and LBP} .

For each texture type, the two textures extracted at t and t are more similar for a non-

lesional enhancement than the lesional enhancement. This complies with the hypotheses

that lesional enhancement change over t ime whereas enhancements due to healthy struc-

tures do not.

RIFT LBP spin image 
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Fig. 5.2 Spin image, RIFT and LBP textural features for a lesional and a

non-lesional enhancement . All features are shown for both t and t = t − m

(m= 6). For each texture type, the two textures ext racted at t and t are more

similar for a non-lesional enhancement than the lesional enhancement .
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their associated textures to follow the same trend. Specifically, for each texture type

Tk , in addit ion to H Tk
p which is the stat ionary texture extracted at t ime t, H Tk ,t

p is also

computed which is the same texture derived from the same locat ion at t imepoint t . The

corresponding temporal feature is then defined as f (H T
p , H Tk ,t

p ) where f is a funct ion that

finds the distance between the two textures.

Fig. 5.2 shows two examples of temporal textures, one for a lesional and one for a non-

lesional enhancement. H Tk
p and H Tk ,t

p are shown for Tk ∈ { spin image, RIFT and LBP} .

For each texture type, the two textures extracted at t and t are more similar for a non-

lesional enhancement than the lesional enhancement. This complies with the hypotheses

that lesional enhancement change over t ime whereas enhancements due to healthy struc-

tures do not.
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Fig. 5.2 Spin image, RIFT and LBP textural features for a lesional and a

non-lesional enhancement . All features are shown for both t and t = t − m

(m= 6). For each texture type, the two textures ext racted at t and t are more

similar for a non-lesional enhancement than the lesional enhancement .
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“Big Clinical Data” and Experiments
• Trained on a large multi-center clinical trial consisting of 2380 scans from 

247 different centers.

• Tested on two separate clinical trials consisting of 813 scans from 27 centers 
and 2770 scans from 142 centers.

• Various number of lesions per scan (0 to 100+) and with different sizes (3 to 
100+) at various stage of the disease. 

• Ground truth: manual labeling from two trained experts with consensus 
(might contain errors).

• Further assessment is performed in some cases by an expert MS 
neuroradiologist.
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Qualitative Results
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Quantitative Results
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Clinical Impact in MS

• Algorithms placed into commercial software pipeline where facilitates clinical 
trials by saving time and money (5X savings) 

faster treatment assessment!

• Almost all new MS drugs developed have benefitted or are benefiting from the 
improved efficiency and precision of these measurements.
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Predicting Future Disease Activity
& Responders to Treatment

• Prediction of future lesion activity (new lesions, lesion growth) based on baseline 
MRI can lead to 

• Better understanding of natural disease worsening,

• Prediction of treatment effects - identification of potential treatment responders.

42

active patientinactive patient

A. Doyle et. al, "Predicting Future Disease Activity and Treatment Responders for Multiple Sclerosis Patients 

using a Bag-of-Lesions Brain Representation", MICCAI 2017.



Predicting Future Disease Activity

▪ First fully automatic, probabilistic machine learning framework to:

• Predict probability of new lesion activity in relapsing-remitting MS patients 
two years in the future based only on baseline multi-modal MRI (random 
forest)
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Automatic 

identification of 

lesion types 

encoding 

important lesion 

characteristics

New Bag of Lesions (BoL) representation 

for patient images

Representation

A. Doyle et. al, "Predicting Future Disease Activity and Treatment Responders for Multiple Sclerosis Patients 

using a Bag-of-Lesions Brain Representation", MICCAI 2017.



Predicting Responders to Treatment

44

▪ First fully automatic, probabilistic machine learning 
framework to:

▪ Automatically identify potential responders to treatment, 
leading to possibility of personalized medicine

A. Doyle et. al, "Predicting Future Disease Activity and Treatment Responders for Multiple Sclerosis Patients 

using a Bag-of-Lesions Brain Representation", MICCAI 2017.

• 1048 patient multi-site, multi-scanner clinical trial MRI dataset

• Probabilistic models for future activity developed for

• Placebo

• Treatment A

• Treatment B

• Responder: 

• No ground truth for who is a responder



Predicting Responders to Treatment

45A. Doyle et. al, "Predicting Future Disease Activity and Treatment Responders for Multiple Sclerosis Patients 

using a Bag-of-Lesions Brain Representation", MICCAI 2017.

• Responder Definition: 

Placebo model Treatment

High probability (>0.8) of 

being active 2 years later Inactive 2 years later

Training image from treated group

Responder



Predicting Responders to Treatment

46A. Doyle et. al, "Predicting Future Disease Activity and Treatment Responders for Multiple Sclerosis Patients 

using a Bag-of-Lesions Brain Representation", MICCAI 2017.

• Experiments: 50 Fold X validation

Placebo model Treatment

High probability (>0.8) of 

being active 2 years later
High probability (>0.8) of being 

inactive 2 years later

Test image

Responder



Predicting Responders to Treatment
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Drug A Drug B

82% 84%

92% 94%

RESPONDER PREDICTION

Sensitivity

Specificity

A. Doyle et. al, "Predicting Future Disease Activity and Treatment Responders for Multiple Sclerosis Patients 

using a Bag-of-Lesions Brain Representation", MICCAI 2017.

• Promising preliminary results: potential for identifying potential responders

• Importance: Personalized medicine (e.g. identifying patient cohort)

• Working on deep learning framework



MRI Biomarkers for Progressive MS
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• Most common form RRMS: 
• Attack followed by partial or complete recovery

• Patients with RRMS will eventually transition to a 

secondary progressive course: 
• Progressive worsening of neurological function (accumulation 

of disability) over time. 

• Primary progressive multiple sclerosis (rarest 

form): progressive from the start. 

• Only one treatment starting to work (Roche: 2017)

• Significant unmet need to define robust and sensitive

outcome predictors for clinical trials of progressive 

MS. 



MRI Biomarkers for Progressive MS
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▪ International Progressive MS Alliance (IPMSA) grant (P.I. Dr
Arnold, ~4M Euro): 
▪ International, multidisciplinary collaborative research network 

▪ Federate large MRI progressive MS dataset (~40,000 patients over 
time) from hospitals around world & ~all large phase 3 clinical trials in 
PMS: 

▪ Montreal Neurological Institute (Canada) 

▪ Harvard Medical School (USA) 

▪ University College London Hospital (UK) 

▪ University of Genoa (Italy)

▪ John Hopkins (USA)

▪ The University of Texas Health Science Center (USA)

▪ Others…



MRI Markers for Progressive MS
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▪ Unlike RRMS, progression NOT well correlated to lesions or 

known anatomical structures

▪ Developing machine learning techniques to automatically discover MRI 

markers for 

▪ disability prediction in progressive MS and 

▪ as an outcome measure in early phase trials to facilitate drug discovery



MRI Markers for Progressive MS
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▪ Leverage recent computational advances advances in deep learning

▪ Completely data-driven approach, in which latent image features are identified 

using large amounts of imaging data. 

▪ Enable the unsupervised discovery of MRI patterns that might be unexpected or 

undetectable by visual inspection. 



MRI Biomarkers for Progressive MS
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▪ Supervised learning techniques with the 

target clinical progression outcomes as 

output 

▪ further refine the features, with the objective 

of optimal separation based on outcome 

measures.

▪ Temporal patient data permits modeling the 

temporal evolution of the features. 

▪ Machine learning techniques will be able 

to assist clinicians in understanding 

disease course



Conclusions

▪ Machine learning frameworks:

▪ Automatic lesion analysis in RRMS patient MRI in large clinical trial analysis
▪ Speed up, improve drug development

▪ Automatic tumour segmentation in patient MRI
▪ Assist in neurosurgical planning

▪ Prediction of potential responders to treatment
▪ Possibility of personalized medicine

▪ Predict progression in progressive MS patients
▪ Help understand disease course

▪ Facilitate drug discovery

▪ Machine learning will revolutionize medicine
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Extra slides



Quantitative Results for tumour core -
2012

Comparison of Results of the algorithm with those of the winners, with individual 

cases of algorithm tabulated.



Quantitative Results for tumour core -
2013

Comparison of Results of the algorithm with those of the winners, with individual 

cases of algorithm tabulated.



Summary

▪ “Big Data” from clinical trials adds requirements to detection and segmentation of 
lesions:

▪ Robust to variability across trials, scanners, centers

▪ Robust to disease stage, size, shape, position of lesion

▪ Sensitivity to small lesions

▪ Lesion level-metrics

▪ Imposes challenges to popular techniques:

▪ Outlier detection

▪ Classical MRF methods

▪ Shape priors, ROI, voxel-based techniques, textures: can’t be used alone 
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Summary

▪ Hierarchical graphical models for the detection and segmentation of lesion 
pathology in MS.

▪ Hierarchical MRF for detection and segmentation of MS lesions.

▪ First fully automatic CRF framework for the problem of enhancing MS lesion 
segmentation.

▪ Bayesian framework for 4-D segmentation of MS lesions in serial brain MRI.

▪ Method trained and tested on large-scale multi-centre clinical trial datasets.

▪ Thousands of MR scans from thousands of patients from hundreds of clinics all over the 
world.

▪ Methods achieve high sensitivities with low false detection rates
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Clinical Impact

▪ Algorithm placed into commercial software pipeline where it facilitates clinical trials by 
saving time and money (5X savings)

▪ 22 new MS drugs developed have benefitted or are benefiting from the improved 
efficiency and precision of these measurements.

▪ Hundreds of thousands of patients are taking the drugs that NeuroRx Research has 
helped develop
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Data Preprocessing

▪ Plurality of data necessitates advanced preprocessing

▪ Steps include:

▪ Skull Stripping

▪ Spatial Normalization

▪ Inter-contrast co-registration

▪ Bias Field Correction

▪ Intensity normalization

MAIN 2017 62


