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Abstract
The multi-atlas method is one of the efficient and common automatic labeling method, which uses the prior information
provided by expert-labeled images to guide the labeling of the target. However, most multi-atlas-based methods depend on
the registration that may not give the correct information during the label propagation. To address the issue, we designed
a new automatic labeling method through the hashing retrieval based atlas forest. The proposed method propagates labels
without registration to reduce the errors, and constructs a target-oriented learning model to integrate information among
the atlases. This method innovates a coarse classification strategy to preprocess the dataset, which retains the integrity of
dataset and reduces computing time. Furthermore, the method considers each voxel in the atlas as a sample and encodes
these samples with hashing for the fast sample retrieval. In the stage of labeling, the method selects suitable samples through
hashing learning and trains atlas forests by integrating the information from the dataset. Then, the trained model is used to
predict the labels of the target. Experimental results on two datasets illustrated that the proposed method is promising in the
automatic labeling of MR brain images.

Keywords MR brain · Multi-atlas-based method · Label fusion · Locality sensitive hashing · Random forest

Introduction

Labeling of MR brain image plays a crucial role in the
research of complex relationships between structure and
function of human brain. It also provides useful information
for treatment planning [1, 2], clinic assessment [3], and
diagnosis of brain disorders [4, 5]. Expert-labeled images
are always considered as the gold standards, but the manual
labeling is inter-rater variable and inefficient [6].

Some fully automatic methods based on intensity images
[7, 8] can generate accuracy results. However, these
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methods are inadequate at robustness due to the low image
quality and tissue morphological variation. The atlas-based
methods may solve these problems, which uses the prior
information provided by expert-labeled images to guide the
labeling of target [9, 10]. The multi-atlas-based methods
are advanced to avoid random errors caused by the MR
scanners or the manual labeling. Multi-atlas-based methods
usually consist two major steps: register atlases to the target
image space thus the labels propagate to target directly [11,
12], and fuse propagated labels through various label fusion
strategies to acquire the results [13–17].

Label fusion can reduce the errors caused by registration
and low quality of the images. The most typical label fusion
methods are the majority voting and its variant forms such
as locally [18, 19], globally [20, 21] and semi-local voting
[22]. Another way to calculate the weights in label fusion is
machine learning, such as the label fusion method based on
sparse representation [23], the label fusion method based on
k-nearest neighbor classification [24]. Some other methods
fused the propagated labels directly using classification
such as local label learning (LLL) method [25], the
method with support vector machine(SVM) [26, 27], and
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hierarchical learning based atlas forest(HF) [28]. Although
these methods evaluated and applied the propagated labels
carefully, they depend on the accuracy of registration which
is time-consuming.

Some researchers use the prior information without
the registration. Zikic et al. [12] encoded the atlas using
random forest and considered each atlas as a classifier
to predict the target labels. This method produced results
independent of the registration, however, it is poor in the
accuracy. The methods based on the deep learning take
advantage of atlases directly by replacing the registration
and label fusion with the neural network [29, 30]. However,
the deep learning based methods always encounter the
insufficient of samples that may cause overfitting of the
trained model, and training a network is very resources
demand and time consuming. In addition, Huo et al.
[31] proposed a supervoxel based method that groups
pixels with the same attribute into supervoxel, then
label the image using these supervoxels. This method
addresses the problem encountered with deep learning
methods, however, it ignores the relationship between the
atlases and 3-D morphological features in the medical
images.

To solve these problems, we proposed an automatic
labeling method through hashing retrieval based hybrid atlas
forest, which is abbreviated as the Hash-Atlas Forest(Hash-
AF). This new method can avoid the errors produced by
registration and integrate the information among atlases in
dataset. The main innovations are as follows.

(1) A strategy of coarse classification is proposed to
preprocess the dataset, which classifies the data based
on the spatial of tissues, to preserves the correlation
among the data and reduces the computing time.
Furthermore, this strategy provides a way to deal with
the labeling in ambiguous area, thus improving the
accuracy when labeling the multiple tissues.

(2) A sample retrieval method based on locally sensitive
hashing (LSH) is proposed, which retrieves the
samples quickly and eliminates irrelevant ones in
the training set according to the similarity between
samples and target.

(3) The proposed method encodes voxels in the atlases
into Hash-AF that integrates the appearance informa-
tion of images, the correlations between atlases and the
priori spatial information of brain tissues. This strat-
egy allows the atlases propagates their labels directly
rather than register into target image space and fuse
the labels, thus avoiding the errors caused by label
propagation and reducing the computing time spent on
cross-registration.

Method

The proposed method considers each voxel in the atlas as
an independent sample, and hashes the samples for fast
data retrieval. Then, this method trains the retrieved samples
into the Hash-AF and predicts results. The overview of our
proposed method is shown in Fig. 1, and there are four main
steps described below.

Coarse classification

A strategy of coarse classification is proposed to pre-process
the dataset, which separates images into several parts based
on the location of target tissues and discards the irrelevant
parts. In initiation, an atlas,which is selected arbitrary as the
reference, is registered to the atlas image space using the
non-rigid registration to provide the location information
of the brain tissues. Then, the images are classified into
several coarse classifications according to the mapped
location information. Each coarse classification includes a
target tissue and the areas around the tissue as illustrated
in Fig. 2.

Feature extraction

The features are consisted of two parts to describe the
samples by its appearance and spatial information. Let the
notation I (x) indicates the intensity at a point x, Ns(x)

represents the points in the cubic with side s centered on
x. The symbol v is a vector, and we defined x + v =
(x + v, y + v, z + v) in the 3-D space. The notation μ is the
operation to average. Then, the features of local intensity
and texture in the point x is calculated by Eq. 1, where
s, u are the parameters to control the size of image patch
centered on x. The symbol λ is a flag, when λ = 0,
the F local

s,u (x) represents the local intensity features and
when λ = 1 the F local

s,u (x) represents the local texture
features.

F local
s,u (x) = μ(I (Ns(x + λ · u))) − λ · I (x), λ ∈ {0, 1} (1)

Given that the notation L′
ref (x) is the label provided

by the label image mapped from the reference atlas to the
image space of x and the symbol Rr(x) indicates the points
in the sphere centered on x with radius r . The features of
spatial information are calculated by Eq. 2, where the radius
r = 5 according to the experiments.

F
spatial
r (x) = L′

ref (Rr(x)) (2)
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Fig. 1 The overview of the
proposed method. 1) Register
the reference atlas to the image
space of the target using
non-rigid registration for
providing the spatial
information, and generate the
coarse classifications for each
target tissue. 2) Construct the
hash tables by LSH. 3) Retrieve
training samples and train
Hash-Hybrid forest. 4) Predict
probability maps for each tissues
and obtain the labeling of target

Fig. 2 The illustration of coarse classification. The region where has the same color in the reference label image is the target tissue, and the region
in yellow is the surrounding areas of the tissue whose Euclidean distance from the boundary of target tissues is less than r
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Data retrieval

The theory of LSH

Given D is a p-stable distribution, which means if there
exists p ≥ 0, for arbitrarily n real numbers v1, v2, ..., vn

and n variables X1, X2, ..., Xn with identical distribution
D, the random variable

∑
i viXi and (

∑
i |vi |p)

1/p
X has

the same distribution. According to the property of p-stable
distribution, it can estimate the length of a vector v in the
European space with the norm p, namely ‖v‖p. The LSH
method takes the advantage of this property and designs its
hash function family as Eq. 3, where V = (v1, v2, ..., vn)

is a vector of n real numbers and a = (X1, X2, ..., Xn)

is a vector that consists of random variables with p-stable
distribution. The symbol b ∈ (0, r) is a random variable, r

is the length of a line segment.

ha,b(V ) =
⌊

a · V + b

r

⌋

(3)

When a · V1 + b and a · V2 + b project to the same line
segment means two samples V1, V2 project to the same hash
code or collision. The probability of V1, V2 projecting to
the same line segment is calculated by Eq. 4, where c =
‖V1 − V2‖2. We apply 2-stable distribution when encoding
the dataset so that f is the probability density function as
Eq. 5. For a given r , when c is smaller, the probability of
collision is high. Otherwise, the probability of collision is
low. The hash family function is the more sensitive to local
differences with smaller r , but it increases the search time
when r is too small.

p(c) = Pr
[
ha,b(V1) = ha,v(V2)

]

=
∫ r

0

1

c
f

(
t

c

) (

1 − t

r

)

dt (4)

f (x) = 1√
2π

e−x2/2 (5)

Encoding the dataset using LSH

The dataset are encoded into hash tables through the theory
of LSH for each coarse classification and Fig. 3 shows the
structure of hash tables.

Given that the number of target tissue is m, the
corresponding coarse classification is C = {Ci |i =
1, 2, ..., m}. The notation H = {Hi |i = 1, 2, ..., m} means
the hash tables that the dataset are encoded into, and G =
{Gi |i = 1, 2, ..., m} means the parameters set to generate
hash tables. The detail of the algorithm for encoding the
dataset using LSH in Hash-AF is described as Algorithm 1:

Algorithm 1 Encoding the dataset using LSH.

Input: 1 2 ... ;
Output: 1 2 ... , 1 2 ... ;
1: for 1 do
2: // step1: generate parameter set
3: initiate ;
4: for 1 do
5: // is the number of hash function

group in a parameter set
6: initiate
7: for 1 do
8: // is the number of hash function in hash

function group
9: select randomly from the LSH hash

family;
10: end for
11: 1 2 ... ;
12: end for
13: 1 2 ... ;
14: //step2: generate hash table
15: 1
16: for each do
17: 1 2 ... ;
18: 1;
19: end for
20: 1 2 ... ;
21: end for
22: return 1 2 ... 1 2 ...

Sample retrieval through the hash tables

Each voxel in the target image selects the similarity samples
from the dataset through the constructed hash table H , then
the selected samples are the training set for the learning
model. Given the symbol t ∈ T means a voxel in the
target image T with the feature vector ft ,which hash codes
are calculated by parameters set G. The similar samples
consist the voxels from dataset whose hash code is identical
to the hash code of voxel from target. Supposed that
SIM(codet , codex) is the similarity between the target t

and sample x, the symbol ⊕ means bitwise XOR and the
Negate() flips the value by bit. The notation count () is
a function to count the number of digits larger than 1, the
similarity between the target and sample is calculated by
Eq. 6. If SIM(codet , codex) > 0, the voxel x is a similarity
sample to the target.

SIM(codet , codex)

=
n∑

i=1

count (Negate(codet (i) ⊕ codex(i)) (6)
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Fig. 3 The illustration of the dataset encoding with LSH for a coarse classification

To reduce the redundant, we sort the similarity by the
value of SIM , and choose the samples whose value of
SIM are the top k as the similar samples. The detail of
the algorithm for sample retrieval through the hash table is
shown in Algorithm 2.

Algorithm 2 Sample retrieval through the hash table.

Input: 1 2 ... , 1 2 ... ;
Output: 1 2 ... ;
1: segment into several coarse classifications;
2: is the coarse classification of voxel ;
3: initiate ;
4: for each do
5: ;
6: // is the feature vector of
7: 1;
8: for each do
9: ;

10: ;
11: 1;
12: end for
13: sort descend;
14: is a samples set whose in top ;
15: ;
16: end for

Hash-Atlas forest

A Hash-Atlas Forest is trained by random forest on a
training set that is searched via hashing method proposed
in “The theory of LSH”. Each coarse classification has its
corresponding Hash-Atlas Forest to integrate the intensity
and prior information of the dataset.

We use the ID3 strategy [32] to build the decision trees
in forest, and the termination condition for the growth of a
tree is that the leaf nodes are less than eight. For a voxel x

with the feature fx , the probability predicted by a decision
tree is pi(c|fx), where c is the potential label of the sample
x. Supposed that there are nt trees in a random forest F , and
the Eq. 7 calculates the predicted label of the voxel.

PF (c|fx) = 1/nt

n∑

i=1

pi(c|fx) (7)

The final prediction of the voxcel x is the label which has
the max probability as Eq. 8

ĉ = arg maxcPF (c|fx) (8)

Figure 4 shows an example of how to choose the Hash-
Atlas Forests to predict labels. Given m is the number
of target tissues, the symbols c1, c2, ..., cm are the label
of coarse classifications. When the label is predicted by
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Fig. 4 An illustration when a
target voxel belongs to multiple
coarse classifications. The label
of target voxel (the yellow point)
is predicted by the multiple
Hash-Atlas Forest whose coarse
classifications are the label of
region(1,2,3) where the
surrounding area covered(the
red area)

multiple Hash-Atlas Forests F1, F2,, ..., Fm, the result are
depended on the max probability calculated as Eq. 9.

ĉ =
{

arg maxci
pFi

(ci |fx) if maxpFi
(ci |fx) ≥ 0.5

0 else

(9)

Experiments results

The proposed method are evaluated on two public datasets
(IBSR and ADNI), and then the influence of primary
parameters are discussed.

In prepossessing, we rescaled the intensity of image
between 0 and 255 using an ITK-based1 histogram-
matching program. Then a reference atlas is selected to map
its label image to the image space of atlases and target in
order to provides spatial information.

The initialization parameters are set as follows and all
experiments use them.

The parameter of coarse classification r = 5. The param-
eters of feature extraction s, u, r ∈ {±1, ±2, ±3, ±4, ±5}.
The number of hash function group in a hash table is
tablesize = 20, and the chosen top k = 21. The number of
decision tree in an atlas forest is nt = 50.

We use the leave-one-out cross-validation approach
to evaluated the propose method. The Dice similarity
coefficient (DSC) value and the Maximum symmetric
surface distance (MSD) are the metrics, which are
calculated in Eqs. 10–11, where vA is the result of proposed
method, vB is the manual segmentation and notation B(·)
means the boundary of segmentation.

Dice(vA, vB) = 2 ×
∣
∣vA

⋂
vB

∣
∣

|vA| + |vB | (10)

MSD(vA, vB)

= max

{

max
a∈B(vA)

min
b∈B(vB)

‖a−b‖ , max
b∈B(vB)

min
a∈B(vA))

‖a−b‖
}

(11)

1https://itk.org/ITK/resources/software.html

Evaluation on IBSR dataset

IBSR dataset2 has 18 atlases, each atlas consists of a T1
MR Brain image and corresponding manually guided expert
segmentation results of 32 tissues. The Experiments labeled
18 primary subcortical brain tissues, and Fig. 5 shows the
manual labels and the results produced by proposed method.

The proposed Hash-AF is compared with four existing
automatic labeling methods including:

1) MV(the majority voting method).
2) NPBL(the Nonlocal patch-based label fusion method)

[33] which is a derivative of the MV. It calculates
the weights of propagated labels using the Euclidian
distance between the atlas image and target in a fixed
size patches.

3) AF(the random forest encoded atlas method) [12]
which fuses the labels using atlas forest without cross-
registration.

4) Hierarchical-AF(the hierarchical atlas forest method)
[28] which integrates the information by learning the
atlas forest hierarchy.

Two comparison methods are designed to evaluate
the efficiency of each component of the proposed.

5) Hash-MV, which retrieves samples for target through
the proposed LSH-based data retrieval algorithm and
fuses the propagated labels of these chosen samples as
MV do.

6) Coarse-AF, which trains the atlas forest for each coarse
classification without data retrieval.

In the experiments, all the atlas-forest-based methods
including AF, Hierarchical-AF, Coarse-AF and our pro-
posed Hash-AF which use the same feature vectors for
training and each of their forests has 50 decision trees.
The size of patches used in the algorithms of MV, NPBL
and Hash-MV is 5 × 5 × 5. MV and AF are two cate-
gories in labeling the brain tissues. They are chosen in our
study as the baseline that represents two different types of

2http://www.nitrc.org/projects/ibsr

https://itk.org/ITK/resources/software.html
http://www.nitrc.org/projects/ibsr
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Fig. 5 a–d the manual labeling of 18 primarily subcortical regions (as shown in Table 1) in the IBSR dataset and e–h the corresponding labeling
obtained by our proposed method

algorithms which use the weight calculation and atlas for-
est. The comparison among the MV, NPBL and Hash-MV
intends to show the efficiency of proposed sample retrieval.

Algorithms of AF, Hierarchical-AF and Coarse-AF are
selected to verify the improvement of our proposed method
among the atlas-forest-based methods.

Table 1 A quantitative DSC (%) obtained by six comparative methods and the proposed method for 18-labeled primarily sub-cortical regions in
the IBSR dataset

Brain regions MV NPBL AF Hierarchical-AF Hash-MV Coarse-AF Hash-AF

L.lateral ventricle 88.16 ± 5.10 90.18 ± 4.01 90.97 ± 6.96 94.14 ± 2.00 90.94 ± 3.42 93.76 ± 2.99 94.07 ± 3.05

L.thelamus 88.82 ± 2.10 89.60 ± 1.35 91.07 ± 1.97 91.29 ± 1.79 89.56 ± 1.09 92.37 ± 1.34 92.12 ± 0.93a,b

L.caudate 82.98 ± 4.28 86.61 ± 2.52 78.71 ± 10.11 86.02 ± 3.71 86.61 ± 4.29 86.98 ± 3.52 88.45 ± 3.31a,b

L.putamen 88.35 ± 2.55 88.11 ± 2.55 89.14 ± 2.90 89.72 ± 1.84 89.22 ± 1.77 90.38 ± 2.08 90.63 ± 1.93a,b

L.pallidum 80.60 ± 4.17 79.51 ± 4.66 73.79 ± 9.07 78.38 ± 7.79 80.16 ± 5.24 80.73 ± 4.79 80.73 ± 5.83a,b

3rd Ventricle 75.55 ± 7.37 76.42 ± 5.70 82.56 ± 4.68 85.64 ± 4.43 80.68 ± 4.40 86.06 ± 4.44 86.54 ± 3.78

4th ventricle 81.47 ± 3.90 80.88 ± 5.11 82.57 ± 4.23 81.75 ± 4.27 84.56 ± 4.12 80.69 ± 4.67 85.09 ± 3.80a,b

L.hippocampus 79.38 ± 3.70 80.67 ± 2.88 79.63 ± 5.37 83.61 ± 3.12 81.79 ± 2.62 83.23 ± 3.83 85.23 ± 2.72a,b

L.amygdala 74.88 ± 6.60 74.14 ± 4.34 70.89 ± 7.46 75.77 ± 5.61 75.92 ± 3.28 74.80 ± 6.15 77.19 ± 4.27b

L.VentralDC 84.03 ± 2.30 82.91 ± 3.02 82.75 ± 2.52 81.69 ± 3.43 82.80 ± 2.52 83.27 ± 2.77 84.22 ± 2.40a,b

R.lateral ventricle 87.41 ± 4.65 89.14 ± 4.66 91.45 ± 5.13 93.65 ± 2.36 89.67 ± 4.55 92.79 ± 3.65 93.31 ± 3.28

R.thelamus 88.70 ± 2.09 89.52 ± 1.70 91.18 ± 2.39 91.57 ± 1.87 89.79 ± 1.08 92.18 ± 1.53 92.50 ± 1.21a,b

R.caudate 83.25 ± 3.93 86.32 ± 3.41 83.24 ± 5.69 86.83 ± 3.72 85.31 ± 5.12 86.27 ± 3.85 87.07 ± 4.26

R.putamen 88.33 ± 2.33 88.23 ± 2.18 90.15 2.96 90.14 ± 2.15 88.92 ± 1.74 90.23 ± 2.42 90.63 ± 1.89

R.pallidum 81.45 ± 4.53 79.90 ± 4.08 80.68 ± 4.01 80.83 ± 3.76 78.61 ± 6.23 81.26 ± 3.59 81.50 ± 3.79

R.hippocampus 80.00 ± 3.92 81.23 ± 3.04 83.01 ± 3.95 85.13 ± 2.92 81.40 ± 2.37 84.33 ± 3.69 85.04 ± 2.84

R.amygdala 72.61 ± 8.43 72.11 ± 6.31 71.99 ± 9.19 73.01 ± 7.26 73.90 ± 4.54 72.98 ± 8.21 74.42 ± 6.20

R.VentralDC 84.17 ± 2.85 82.80 ± 3.19 83.57 ± 2.14 83.20 ± 3.55 83.17 ± 2.50 83.84 ± 2.50 84.46 ± 2.58a,b

Overall 82.79 ± 4.11 83.24 ± 3.60 83.19 ± 5.04 84.06 ± 3.87 84.06 ± 3.38 85.43 ± 3.74 86.29 ± 3.27a,b

aThe label index indicates p < 0.05 with the two-tailed paired t-test between the hierarchical-AF and Hash-AF
bThe label index indicates p < 0.05 with the Wilcoxon rank based t-test between the hierarchical-AF and Hash-AF
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Table 2 A quantitative MSD(mm) obtained by six comparation methods and the proposed method for 18-labeled primarily subcortical regions in
the IBSR dataset

Brain regions MV NPBL AF Hierarchical-AF Hash-MV Coarse-AF Hash-AF

L.lateral ventricle 8.94 ± 4.42 5.04 ± 2.77 10.22 ± 6.73 7.31 ± 6.52 4.47 ± 2.99 4.52 ± 3.02 3.86 ± 0.87

L.thelamus 3.72 ± 0.78 4.03 ± 0.91 6.16 ± 7.94 6.65 ± 8.33 3.96 ± 0.81 3.91 ± 0.84 3.18 ± 0.64

L.caudate 3.54 ± 0.93 3.75 ± 0.96 4.69 ±.99 6.42 ± 6.28 3.72 ± 0.56 3.68 ± 0.67 3.32 ± 0.49

L.putamen 3.83 ± 1.67 4.22 ± 1.89 5.26 ± 1.72 6.43 ± 4.98 4.08 ± 1.69 3.92 ± 1.03 3.46 ± 1.14

L.pallidum 3.52 ± 1.02 3.89 ± 1.16 4.43 ± 0.95 3.61 ± 0.88 3.61 ± 0.80 3.52 ± 0.86 3.13 ± 0.70

3rd Ventricle 4.79 ± 1.84 4.95 ± 1.55 5.15 ± 1.32 5.42 ± 2.87 3.50 ± 1.17 3.39 ± 0.77 2.67 ± 0.59

4th ventricle 5.88 ± 2.78 5.91 ± 2.67 6.54 ± 2.48 6.07 ± 2.76 5.60 ± 2.83 5.92 ± 2.62 3.75 ± 1.46

L.hippocampus 4.25 ± 0.97 4.45 ± 1.30 4.92 ± 1.07 5.82 ± 4.22 4.05 ± 1.08 4.36 ± 1.31 3.68 ± 0.63

L.amygdala 3.89 ± 1.48 4.24 ± 1.23 5.07 ± 1.70 4.45 ± 1.41 4.57 ± 1.53 4.13 ± 1.42 3.94 ± 1.70

L.VentralDC 4.37 ± 0.96 4.54 ±.98 5.31 ± 3.73 4.64 ± 2.95 4.16 ± 1.16 4.19 ± 1.14 3.88 ± 1.19

R.lateral ventricle 13.69 ± 5.86 7.51 ± 5.92 12.90 ± 9.28 8.78 ± 7.19 4.42 ± 1.17 5.22 ± 3.50 3.65 ± 1.11

R.thelamus 3.91 ± 0.87 3.94 ± 0.90 4.78 ± 1.36 5.85 ± 4.76 3.72 ± 0.85 3.80 ± 0.82 3.13 ± 0.65

R.caudate 3.32 ± 0.91 3.36 ± 0.75 5.35 ± 3.45 11.30 ± 10.91 4.13 ± 0.86 4.03 ± 0.85 3.01 ± 0.60

R.putamen 3.70 ± 1.21 4.58 ± 1.49 5.10 ± 1.78 3.92 ± 1.03 4.20 ± 0.97 3.99 ± 0.87 3.72 ± 0.67

R.pallidum 3.12 ± 0.59 3.47 ± 0.57 4.58 ± 0.84 3.76 ± 0.60 3.95 ± 0.97 3.94 ± 0.90 3.49 ± 0.78

R.hippocampus 4.14 ± 0.81 4.43 ± 1.29 6.16 ± 2.13 5.22 ± 1.25 5.32 ± 1.26 5.33 ± 1.19 4.19 ± 1.21

R.amygdala 4.20 ± 1.63 4.55 ± 1.43 5.20 ± 1.67 4.88 ± 2.23 4.13 ± 1.52 4.41 ± 1.48 3.40 ± 1.19

R.VentralDC 4.07 ± 1.04 4.40 ±.94 6.18 ± 3.26 5.60 ± 2.85 3.71 ± 1.10 3.85 ± 1.08 3.58 ± 0.92

Overall 4.83 ± 1.65 4.51 ± 1.60 6.00 ± 2.91 5.90 ± 4.00 4.18 ± 1.30 4.23 ± 1.35 3.50 ± 0.92

The comparison results are shown in Tables 1 and 2,
which indicate that the overall improvement of DSC is
more than 5% and the performance of MSD is also better
than other compared method. The experiments reveal that
AF-based methods have more excellent performance when
handling an image with multiple tissues, while the MV-
based methods have better result when dealing with the
local information. The proposed Hash-AF method integers

the advance of MV-based methods and AF-based methods
through hash-based data retrieval so that the segmentation
has a higher DSC and lower MSD.

Supervoxel based method proposed by Huo et al. [31]
can label the multiple brain tissues and obtain average DSC
85.2% ± 1.6% in IBSR dataset. The DSC in our proposed
method is 86.29% ± 3.27% when labeling the same dataset,
which is better than the Supervoxel based method.

Fig. 6 a, c, and e the manual labeling of left and right hippocampus from NC, MCI and AD subjects in ADNI dataset, b, d, and f the corresponding
labeling obtained by our proposed method
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Table 3 A quantitative DSC(%) obtained by six comparation methods and the proposed method for the labeled hippocampus in the ADNI dataset

Subject Brain region MV NPBL AF Hierarchical-AF Hash-MV Coarse-AF Hash-AF

NC L.hippocampus 81.35 ± 3.95 86.84 ± 2.41 82.15 ± 3.70 80.14 ± 5.73 84.69 ± 2.54 85.15 ± 3.08 87.43 ± 2.50a,b

R.hippocampus 80.87 ± 4.35 87.04 ± 2.81 83.25 ± 3.92 81.72 ± 4.85 84.82 ± 2.73 83.89 ± 3.63 87.65 ± 2.31b

Overall 81.11 ± 4.15 86.94 ± 2.61 82.70 ± 3.81 80.93 ± 5.29 84.75 ± 2.64 84.52 ± 3.35 87.54 ± 2.40a,b

MCI L.hippocampus 78.81 ± 5.32 84.71 ± 6.95 81.81 ± 4.52 79.96 ± 6.38 83.58 ± 5.60 84.41 ± 3.52 86.19 ± 4.17a,b

R.hippocampus 79.28 ± 7.28 82.14 ± 15.68 82.96 ± 5.79 79.57 ± 9.73 80.55 ± 10.74 81.95 ± 6.95 83.92 ± 7.25b

Overall 79.04 ± 6.30 83.42 ± 11.32 82.39 ± 5.16 79.77 ± 8.06 82.07 ± 8.17 83.18 ± 5.23 85.05 ± 5.71a,b

AD L.hippocampus 77.14 ± 9.00 86.00 ± 4.67 81.34 ± 5.37 77.41 ± 6.68 84.98 ± 4.74 83.70 ± 4.14 85.59 ± 5.27

R.hippocampus 78.11 ± 6.25 85.67 ± 5.42 82.42 ± 4.00 79.60 ± 6.20 83.96 ± 6.07 79.73 ± 5.63 87.46 ± 4.40a,b

Overall 77.63 ± 7.62 85.83 ± 5.04 81.88 ± 4.69 78.51 ± 6.44 84.47 ± 5.41 81.72 ± 4.89 86.53 ± 4.83a,b

aThe label index indicates p < 0.05 with the two-tailed paired t-test between the hierarchical-AF and Hash-AF
bThe label index indicates p < 0.05 with the Wilcoxon rank based t-test between the hierarchical-AF and Hash-AF

Table 4 A quantitative MSD(mm) obtained by six comparation methods and the proposed method for the labeled hippocampus in the ADNI
dataset

Subject Brain region MV NPBL AF hierarchical-AF Hash-MV Coarse-AF Hash-AF

NC L.hippocampus 2.92 ± 0.86 2.51 ± 0.72 3.22 ± 0.67 5.29 ± 10.25 3.36 ± 0.71 2.79 ± 0.71 2.36 ± 0.62

R.hippocampus 2.57 ± 0.48 2.70 ± 0.87 3.27 ± 0.89 4.45 ± 7.17 2.91 ± 0.53 2.61 ± 0.63 2.20 ± 0.67

Overall 2.75 ± 0.67 2.61 ± 0.80 3.25 ± 0.78 4.87 ± 8.71 3.14 ± 0.62 2.70 ± 0.67 2.28 ± 0.65

MCI L.hippocampus 3.44 ± 1.49 3.08 ± 1.98 3.70 ± 1.16 4.91 ± 7.23 3.81 ± 1.28 3.24 ± 1.32 2.75 ± 2.11

R.hippocampus 3.12 ± 1.11 3.01 ± 2.05 3.92 ± 1.57 3.06 ± 1.18 3.57 ± 1.12 3.11 ± 1.19 2.88 ± 2.10

Overall 3.28 ± 16.30 3.05 ± 2.02 3.81 ± 1.37 3.99 ± 4.21 3.69 ± 1.20 3.18 ± 1.26 2.82 ± 2.11

AD L.hippocampus 3.12 ± 0.77 2.85 ± 0.99 5.53 ± 7.37 6.00 ± 9.28 3.62 ± 1.17 2.85 ± 0.66 2.85 ± 0.99

R.hippocampus 2.63 ± 0.44 2.53 ± 0.64 3.28 ± 0.55 2.57 ± 0.39 2.93 ± 0.46 2.54 ± 0.42 2.29 ± 0.68

Overall 2.88 ± 0.61 2.69 ±.82 4.41 ± 3.96 4.29 ± 4.84 3.28 ±.82 2.70 ± 0.54 2.57 ± 0.84

Fig. 7 The influence of
parameter r of the coarse
classification. a shows the
tendency of the rate redundancy
with r . b shows the tendency of
the rate of uncover with r
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Fig. 8 The influence of parameters in samples retrieval. a shows the tend of labeling accuracy with K , b shows the tend of labeling accuracy with
tablesize

Evaluation on ADNI dataset

ADNI3 dataset provides rich atlases from three different
subjects, in which each atlas consists of a brain image
obtained by 1.5T MR scanner and a corresponding manual-
labeled image with left and right hippocampus. We arbitrary
selected 90 cases from the subjects, including 30 from
Normal Control (NC) subjects, 30 from Mild Cognitive
Impairment (MCI) subjects and 30 from Alzheimer’s
disease (AD) subjects. The proposed method is evaluated
on the ADNI dataset to validate its efficiency when labeling
normal and diseased tissue. Figure 6a, c and e show the
manual segmentation, which means the histomorphology of
tissues in difference subjects are variation. The Fig. 6b, d
and e show the results produced by the proposed method.

The proposed method is compared with the six compar-
ative methods described in “Evaluation on IBSR dataset”
and the results are shown in Tables 3 and 4, which indicate
that the overall improvement of DSC is around 7% and the
performance of MSD is also better than other methods for
all the three evaluate subjects. The experiments showed the
AF-Hash method is capable to segment tissues with disease.

The multi-task neural networks based method for
segmenting the hippocampus, Cao et al.(2018) tested 797
subjects in ADNI and obtained the DSC with 89.3%±1.3%.
Our DSC result is 86.37% ± 4.31% which was trained
on 90 subjects. The deep learning method has a better

3http://adni.loni.ucla.edu

accuracy, however, the method needs a large number of
atlases and a high-performance GPU NVIDIA GTX TITAN
12GB. Moreover, their article did not reveal the result on
other dataset and it did not evaluate the performance on
segmenting other brain tissues or labeling multiple brain
tissues at the same time.

The influence of parameters

Parameter in coarse classification

The parameter r determine the size of the of coarse
classification. Figure 7 illustrates the influence of this
parameter, indicating that the uncovering region will vanish
with the increase of r , while the redundancy among the
classifications will increase. An appropriate r can void the
uncovering and reduce the redundancy at the same time.For
these reasons, we set r = 5 in our experiments.

Parameters in sample retrieval

The parameter tablesize means the number of hash
function group when encoding samples and the parameter
k means the number of similar samples that each target
voxel selected. Figure 8 illustrates the influence of those
two parameters on the segment accuracy, which indicates
that accuracy will increased along with K from 87.8% to
88.2%, while tablesize has little effect on the result with
the accuracy fluctuating around 88%. We set K = 21 and
tablesize = 20 considering the robustness and accuracy.

http://adni.loni.ucla.edu
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Conclusion

In this study, we proposed an automatic labeling method
through the hashing retrieval based atlas forest, which
is abbreviated as the Hash-Hybrid Forest(Hash-AF). This
method considers the voxels in atlases as independent
samples and retrieves them through hashing based method.
The proposed method trains a target-orient learning model
using the hybrid atlas forest to integrate the information
among the atlases, and produces results without registration
to avoid the errors generated by label propagation.

We conducted several experiments on the IBSR and
ADNI dataset to evaluate the efficiency of proposed method.
The results show that the new method is capable to
label the targets with multiple tissues and the targets with
slight morphological variation tissues. Then, we verified
the efficiency of components of the method. Experiments
results indicate that the hash-based data retrieval and the
hybrid atlas forest are both helpful in improving the
accuracy of labeling, and the integration of two strategies
can further the results.

In the future work, we will compare the proposed method
with other the art-of-the-state methods and extend the study
to other medical image segmentation tasks.
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