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ABSTRACT
Accurate and precise detection of brain lesions on MR images is important for relating lesion locations to impaired behaviors. In this paper, we propose a method to detect lesion
voxels on each functional cortical ROI (Region of Interest) independently using only T1-weighted MR images (T1-MRI).
In contrast to existing automatic lesion detection methods,
which typically detect lesion voxels on the whole MR image or on gray matter (GM)/white matter (WM), we show
that the proposed functional cortical ROI based method can
lead to better lesion-detection performance. We evaluate the
proposed method using an in-house dataset with 60 chronic
stroke patients. Using leave-one-subject-out cross validation,
the proposed method can achieve an average Dice coefficient
of 0.74 ± 0.11 and outperform three state-of-the-art methods
by more than 0.05.
Index Terms— Lesion Detection, Functional Cortical
ROIs, T1-weighted MRI, Stacked Autoencoder
1. INTRODUCTION
Accurate detection of lesions in brains is critical to both clinical practice and neuropsychological research. The identification and analysis of the brain lesions resulting from a stroke
can help understand the lesion-deficit relationship [1, 2, 3],
and chart the development of brain pathology over time. In
the past two decades, many lesion detection methods on Magnetic Resonance Imaging (MRI) have been developed and
they can generally be categorised into unsupervised methods [4, 5, 6, 7, 8] and supervised methods [9, 10, 11, 12, 13].
Unsupervised methods do not require an annotated data set
for training. Lesions are detected as an outlier class by using
clustering methods [5] or dictionary learning/sparse coding to
model healthy tissues [14]. Supervised methods typically take
a training step on a set of annotated data with ground-truth lesions. The data are used to train a classifier, which is then used
to detect lesions in new unseen data. While lesion detection
can be performed on a combination of different MR imaging modalities [10, 6, 12], i.e., T1-weighted, T2-weighted,
Diffusion-weighted, Proton Density-weighted, FLuid Attenuation Inverse Recovery MR images, this paper is focused on
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lesion detection on a single modality of T1-MRI, considering
the additional time and cost in acquiring multiple modality
data in practice [5]. Lesion detection on T1-MRI is a wellknown challenging problem due to 1) the intensity similarity
between lesions and the surrounding healthy tissues, 2) the
large variation of the lesion size, shape and location, and 3)
the possible brain atrophy [15, 16] that leads to the deformation of the healthy tissues.
Most of the existing lesion detection methods are performed on the entire brain or on GM/WM by labelling each
voxel as either lesion or healthy tissue. Stamatakis et al. [4]
detect lesion voxels on the whole brain by comparing patient
T1-MRI with a set of healthy control images using Markov
Random Field. Seghier et al. [5] introduce an unsupervised
segmentation method to detect lesion voxels in GM and WM
separately, and then group detected lesion voxels to obtain the
whole brain lesion. Sanjun et al. [7] adapt the work in [5], and
detect lesion voxels in GM and WM separately by introducing an iterative procedure to refine the detected lesion voxels.
Guo et al. [13] detect lesion voxels on the whole brain by
combining both unsupervised and supervised methods. Under the assumption that the same functional cortical ROI will
show similar anatomical patterns/features (i.e., gyri/sulci)
across different subjects, we propose a new approach to independently register and segment each functional cortical ROI
and detect lesions on each segmented functional cortical ROI.
In the remainder of the paper, we abbreviate functional cortical ROI as ROI, when there is no ambiguity. We find that this
ROI based approach can produce competitive lesion detection
performance than the existing state-of-the-art methods.
Specifically, we propose an ROI segmentation algorithm
for T1-MRI, and an unsupervised features learning procedure for each voxel, followed by a supervised classifier training/testing procedure for lesion detection on each ROI. Section 2 discusses the proposed approach in detail, and the experiment results are reported and discussed in Section 3, followed by a brief conclusion in Section 4.
2. METHODS
The proposed approach consists of two components. First,
we introduce an algorithm to register and segment each ROI
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Fig. 2. An illustration of a dilated ROI and its refinements by
locally translating its boundary, where highlights using red,
green and yellow denote the initial ROI, the initial boundary
of the dilated ROI, and the translated boundary of the dilated
ROI, respectively.

Fig. 1. An illustration of CSF based initial registration.
from an input T1-MRI. Second, on each registered and segmented ROI, we unsupervisedly learn features for each voxel,
and then classify each voxel to be lesion or not, followed by
a simple grouping procedure to obtain the whole brain lesion
detection.
2.1. Functional ROI Segmentation in Lesion Brain
To get ROIs on a subject image, we register the subject
T1-MRI to the template (where ROIs are predefined) using
SPM12 [17]. Taking advantage of the fact that SPM12 segmentation pipeline is robust in segmenting Ventricles (which
are parts of the brain CSF) [18], we use the segmented Ventricles from SPM12 segmentation pipeline to help ROI registration and segmentation. The detailed SPM12 parameter
settings will be reported in Section 3.2. Specifically, the
proposed ROI segmentation procedure consists of two main
steps: 1) an initial ROI detection through CSF based whole
brain registration; and 2) an ROI refinement through dilation
and local optimal search.
Initial ROI detection through CSF based whole brain
registration. As shown in Fig. 1, we first register the subject Ventricles and the outer CSF to the template while masking out the possible lesion regions by introducing a subjectspecific initial lesion mask, which will be discussed in the
later paragraph. Then, the transformation matrix is used to
yoke the original subject T1-MRI into the template.
The subject-specific initial lesion mask is generated using Algorithm 1, where v = [x, y, z] denotes the location
of the voxel in 3D MRI, P̄GM (v) and PGM (v) denote the
GM probability of the template and subject at voxel v, and
P̄W M (v) and PW M (v) denote the WM probability of the
template and subject at voxel v. Note that lesion would be

mis-segmented as CSF or GM using SPM12 segmentation
pipeline on T1-MRIs [18, 19]. Hence, in the lesion regions,
it may show abnormally low probability in PW M and abnormally high/low probability in PGM . Similar to [5], we calculate the voxel-wise difference between subject and template
using “tanh” function. In this paper, for generating subjectspecific initial lesion masks, we heuristically select α = 0.6
and λ = 0.6, where α is the confidence parameter and λ is
the threshold parameter.
Input : P̄GM , PGM , P̄W M , PW M
Output: Initial lesion mask L
for every voxel at v do
!!
P̄GM (v) − PGM (v)
LGM (v) = abs tanh
α
!
P̄W M (v) − PW M (v)
LW M (v) = tanh
α
if LW M (v) > 0 then
if max (LGM (v) , LW M (v)) > λ then
L (v) = 1
else
L (v) = 0
end
end
end

Algorithm 1: Algorithm for the initial lesion mask.
ROI refinement through dilation and local optimal
search. As shown in Fig. 2, we dilate each ROI, so that we
can make sure that all ROIs are either overlapped or adjacent,
where red region denotes the ROI and green contour denotes
the dilated ROI. In this paper, let R̄i and Ri denote the ith
dilated ROI on the template and subject T1-MRI respectively.
Specifically, we can translate the boundary of dilated ROI
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Fig. 3. The red and green circles denote two dilated synthetic
ROIs R̄i and R̄i in the template.

∆∗i = arg min k Ri (∆i ) − R̄i k2
∆i

.

Subject 3

Ri by an offset ∆i = (∆i x, ∆i y, ∆i z) to get a new region
Ri (∆i ), as indicated by yellow contours, and then search for
an optimal offset ∆∗i . Using Eq. (1), we can find a refined
ith dilated ROI Ri (∆∗i ) of the object that best matches to its
corresponding dilated ROI R̄i of the template, i.e.,
(1)

In this paper, we abbreviate refined and dilated ROIs as
RROIs, when there is no ambiguity. In the next section,
we will introduce an unsupervised feature learning method,
followed by a classifier for lesion voxel detection in each
RROI.

Fig. 4. Sample results of lesion detection using the proposed
method and the three comparison methods [13], [7], and [5].
Red and green contours indicate the detected lesion boundaries and the ground-truth lesion boundaries, respectively.

2.2. Model Training and Lesion Voxels Grouping

stacked autoencoder is used for unsupervised feature refinement, the detailed parameter settings will be reported in Section 3.2. Classifier training procedure. For each ROI and
RROI, we collect its positive and negative training samples as
mentioned before and train an ROI-based and an RROI-based
classifier, respectively. This way, we obtain one classifier for
each ROI and RROI. The softmax classifier is applied for
classification. Classification and grouping procedure. In
detecting lesions for an unseen subject T1-MRI, we first register and segment each ROI and RROI of the subject against
the template. For each voxel, we identify the ROI and RROI
it belongs to and then use the corresponding pre-trained ROIbased and RROI-based classifiers to classify voxel located at
v. We use a majority voting procedure [20] to decide the final classification of this voxel of being lesion or not when the
voxel is classified by using multiple classifiers.

In this paper, we take each voxel as a sample, and unsupervisedly learn features for each voxel, and then classify each voxel to be lesion or not. The positive samples are the annotated lesion voxels of the patients, and
the negative samples are the voxels of healthy controls.
At each location v in the template, we train classifiers
{Cvi |v ∈ R̄i & i ∈ {1, 2, · · · , n}}, where n is the number of pre-defined ROIs in the template. If v belongs to only
one dilated ROI, e.g., R̄i , there will be only one classifier
Cvi . If v belongs to multiple dilated ROIs, multiple classifiers
will be trained, e.g., in Fig. 3, v ∈ R̄i ∩ R̄j , and at v two
classifiers Cvi and Cvj will be trained.
Considering that lesion voxels are randomly distributed
in the brain, for training classifier Cvi , positive samples are
constructed using all annotated lesion voxels of the patients;
yet, the negative samples are constructed using the voxels located at the same v in Ri (∆∗i ). In the following, we will
discuss initial feature definition, feature refinement using unsupervised learning and classifier training in details.
Initial feature definition. We define the initial features
using the intensity of the corresponding voxel and its neighbours. Specifically, we crop three 5 × 5 × 5 blocks [13], centered at voxel located at v, from T1-MRI and the probability
maps of GM and WM respectively, which are then concatenated as the initial features. Feature refinement using unsupervised learning. The initial features can be refined using an unsupervised feature learning method. We separately
learns the refined features of the positive/negative samples using the initial features of the positive/negative samples. The

3. EXPERIMENTS
3.1. Experiment Data & Evaluation Metrics
We collected an in-house MRI dataset for our experiment.
The templates used in the paper are averaged healthy control T1 template and 136-ROI Neuromorphometrics template
from SPM12 toolbox.
We evaluate the performance of the proposed method using a leave-one-out cross validation strategy. All the performance measures are averaged over all the 60 testing rounds.
For the evaluation criteria, we follow [5] using Precision, Recall, and Dice coefficient.
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Precision
Recall
0.47±0.17 0.54±0.15
0.52±0.16 0.60±0.13
0.71±0.15 0.70±0.13
0.75±0.14 0.73±0.13

Axial

Dice
0.50±0.15
0.55±0.13
0.69±0.11
0.74±0.11

0.2

Sagittal

λ
0.5
0.6
0.7
0.8

Precision
0.16 ± 0.11
0.19 ± 0.11
0.22 ± 0.12
0.18 ± 0.13

Recall
0.92 ± 0.14
0.90 ± 0.15
0.86 ± 0.16
0.81 ± 0.18

Dice
0.25 ± 0.11
0.28 ± 0.11
0.32 ± 0.13
0.38 ± 0.14

0.5
0.6
0.7
0.8

0.28 ± 0.13
0.40 ± 0.16
0.59 ± 0.21
0.80 ± 0.24

0.81 ± 0.18
0.73 ± 0.19
0.64 ± 0.16
0.50 ± 0.10

0.38 ± 0.14
0.47 ± 0.16
0.56 ± 0.18
0.57 ± 0.18

Subject 5

Table 1. Performance of the proposed method and comparison methods on the in-house dataset.
α

Coronal

Subject 4

Method
Seghier et al. [5]
Sanjun et al. [7]
Guo et al. [13]
Proposed method

Fig. 5. Two failure cases of lesion detection.

the final lesion detection’s precision, recall and Dice coefficient. We conduct three additional experiments: 1) lesion
detection without using the ROI- or RROI-based classifiers;
2) lesion detection using only the ROI-based classifiers; and
0.5
0.54 ± 0.20
0.66 ± 0.19
0.54 ± 0.17
3) lesion detection using only the RROI-based classifiers,
0.6
0.76 ± 0.24
0.54 ± 0.19
0.58 ± 0.18
followed by majority voting. As shown in Table 3, by com0.6
0.7
0.83 ± 0.24
0.38 ± 0.16
0.49 ± 0.18
bining both ROI-based and RROI-based classifiers, followed
0.8
0.95 ± 0.25
0.19 ± 0.10
0.30 ± 0.14
by majority voting, the proposed method can achieve the best
Table 2. The segmentation performance by only using the
performance.
inital lesion mask under different α and λ.
Finally, we discuss the failure cases of the proposed
method. As shown in the first row of Fig. 5, the proposed
method may fail to detect lesion when the voxel intensity of
3.2. Implementation Details
lesion is very similar to the voxel intensity of WM in T1In Section 2.1, the parameter settings for SPM12 tissue segMRI. The proposed method may also fail to detect lesions
mentation pipeline are: light bias regularization, FWHM=60mm, when the lesion is relatively small.
light clean up, and 3mm sampling distance. The parameter
Initial ROI ROI Refine Precision
Recall
Dice
settings for ANTs masked registration pipeline are: cross
×
×
0.70±0.15 0.69±0.13 0.69±0.12
correlation metric r = 4, and the spline distance s = 26.
X
×
0.72±0.15 0.69±0.13 0.70±0.11
In Section 2.2, a two-layer stacked autoencoder with a
×
X
0.71±0.15 0.71±0.13 0.71±0.11
X
X
0.75±0.14 0.73±0.13 0.74±0.11
softmax layer to classify lesion voxels is trained. The parameter settings for the first layer of the stacked autoencoder
are: Hidden Size is 50, Max Epoch is 3000. The parameTable 3. Lesion detection performance w/o initial ROI detecter settings for the second layer of the stacked autoencoder
tion, and w/o the ROI refinement.
are: Hidden Size is 25, Max Epoch is 1000. The parameter
settings for the softmax layer are: Max Epochs is 400. The
4. CONCLUSION
overall network is fine-tuned using only training dataset.
0.4

3.3. Results and Discussion
First, from Table 1, the proposed method achieves a substantially better lesion detection performance (Dice coefficient)
than the other methods in terms of all three evaluation criteria. Fig. 4 qualitatively show the detected lesions on selected
2D slices of different patients.
Second, we study the parameter selection for generating
the initial lesion masks using Algorithm 1 in Section 2.1. As
shown in Table 2, we heuristically select α = 0.6 and λ = 0.6
that can produce the best Dice coefficient for generating the
initial lesion mask.
Third, we evaluate the impact of initial ROI detection
through CSF based whole brain registration and ROI refinement through dilation and local optimal search in terms of

In this paper, we have introduced a new method for automatic
lesion detection based on functional cortical ROI using only
T1-MRIs. The proposed method first segments the ROI, and
then, classifies each voxel in the ROIs using the pre-trained
classifiers. In comparison to other state-of-the-art methods,
our method achieve improvements in Precision, Recall and
Dice coefficient.
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