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Abstract—Hippocampus segmentation plays a significant role
in mental disease diagnoses, such as Alzheimer’s disease, epilepsy, and so on. Patch-based multi-atlas segmentation (PBMAS)
approach is a popular method for hippocampus segmentation
and has achieved a promising result. However, the PBMAS
approach needs high computation cost due to registration and
the segmentation accuracy is subject to the registration accuracy.
In this paper, we propose a novel method based on iterative local
linear mapping (ILLM) with representative and local structurepreserved feature embedding to achieve accurate and robust
hippocampus segmentation with no need for registration. In the
proposed approach, semi-supervised deep autoencoder (SSDA)
exploits unsupervised deep autoencoder and local structurepreserved manifold regularization to nonlinearly transform the
extracted magnetic resonance (MR) patch to embedded feature
manifold, whose adjacent relationship is similar to the signed
distance map (SDM) patch manifold. Local linear mapping
is used to preliminarily predict SDM patch corresponding to
the MR patch. Then a threshold segmentation generates a
preliminary segmentation. ILLM refines the segmentation result
iteratively by ensuring the local constraints of embedded feature
manifold and SDM patch manifold using a space-constrained
dictionary update. Thus a refined segmentation is obtained with
no need for registration. Experiments on 135 subjects from ADNI
dataset show that the proposed approach is superior to the stateof-the-art PBMAS and classification-based approaches with mean
Dice similarity coefficients of 0.8852 ± 0.0203 and 0.8783 ±
0.0251 for bilateral hippocampus segmentation of 1.5T and 3.0T
datasets respectively.
Index Terms—Deep learning, Multi-atlas segmentation, Iterative local linear mapping, Manifold regularization
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IPPOCAMPUS segmentation from magnetic resonance
(MR) image plays a significant role in many neuroscience applications, including the assessment, treatment, and
follow-up of various mental disorders [1], [2]. For example,
the hippocampus atrophy is closely related to the Alzheimer’s
disease [3]. The hippocampal volume and shape comparisons
obtained from the segmented hippocampus between healthy
and diseased subjects are beneficial for the Alzheimer’s disease
diagnosis and assessment.
Multi-atlas segmentation (MAS) is being increasingly used
for hippocampus segmentation [4], [5], [6], [7], [8], [9], [10].
In MAS, multiple atlas images are registered to the target
image, and the corresponding wrapped label images of the
atlas images are propagated to obtain the label of the target
image by several label fusion methods. A popular label fusion
approach is weighted voting, including majority voting, global
weighted voting, and local weighted voting. Majority voting
[11], [12] assigns the atlas label occurring most frequently to
the target image. The computational cost of majority voting is
low, but the segmentation accuracy is limited by the absence of
the usage of atlas images. Global weighted voting [13] assigns
a weight globally to each atlas. Since the weights of all points
in the same atlas are identical, the segmentation accuracy is
restricted by the registration errors. Local weighted voting
[7], [6] derives the weight according to the local similarity
between the atlas and target images, and thus allows the
weights to vary spatially. As a result, the local weighted voting
approach achieves promising performance for hippocampus
segmentation.
Patch-based label fusion is a popular local weighted voting
approach that calculates the weight according to the patch
similarity, i.e., the higher the local similarity between the atlas
and target images, the more reliable is the anatomical correspondence. The exponential of the negative sum of squared
differences (SSD) [7], [14] is a widely adopted patch similarity
measure. The inverted SSD [6], [13] is another patch similarity
metric. Moreover, sparse representation [15] and local linear
representation [16], in which the atlas patches are used to
reconstruct the target patch and the reconstruction coefficients
are utilized to linearly combine the corresponding atlas labels
to generate the target label, are reliable approaches to calculate
the weights for label fusion.
In order to exploit the spatial information from the label
images, distance field fusion (DFF) [17], [18] is used to
replace the label fusion. The DFF is based on two assumptions
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including 1) Image patches from MR image and distance field
(also named as signed distance map, SDM) are located on MR
patch manifold and SDM patch manifold respectively, and a
patch can be approximately represented as a linear combination of several nearest neighbors from its manifolds; 2) Under
a local constraint, the mapping from MR patch manifold to
SDM patch manifold is differentiable and linear. Based on
these two assumptions, the MR patches dictionary is utilized
to reconstruct the target MR patch and the reconstruction
coefficients are used to linearly combine the corresponding
SDM patches dictionary to obtain the target SDM, in which
the absolute value of a point denotes the distance between the
point and the nearest point from the boundary and the sign
denotes whether the point belongs to the hippocampus. If the
sign is positive, the point belongs to the hippocampus, and
vice versa. Thus the label of the target image is calculated by
a threshold according to the predicted target SDM.
Classification-based method (CBM) is another popular approach for hippocampus segmentation. To improve the robustness of the classifier, a random forest classifier is used to
achieve hippocampus segmentation slice-by-slice along each
of the three orthogonal directions of the 3D-MRI, followed
by a majority voting fusion of the three full segmentations
[19]. This approach focuses on ensemble learning by multiple
classifiers instead of building a reliable classifier. To reduce
the diversity of the training and target samples, local label
learning (LLL) [20] framework is employed for hippocampus
segmentation based on multiple atlases spatially registered to
the target image using a pairwise nonlinear image registration
algorithm. The performance of the support vector machine
(SVM) based classifier in LLL is promising since the training
samples are the k-nearest neighbors of the target sample in the
image space and feature space. Analogously, Hippocampal Unified Multi-Atlas-Networks (HUMAN) [21] algorithm trains
a model based on the artificial neural network for each atlas
and selects several models by atlas selection to predict the
target image, followed by a label fusion using the predicted
label generated by these selected models.
These patch-based MAS approaches and CBMs for hippocampus segmentation suffer from the following limitations:
•
•
•

•

The segmentation accuracy is limited to the registration
error.
The high computation cost due to registration.
The segmentation accuracy is subject to the smoothing
of the wrapped atlas labels due to the nearest neighbor
interpolation for the wrapped atlas labels during registration.
The lack of the discriminative capabilities of patch similarity measures. The intensity patch or handcrafted
feature similarity is incapable of reflecting the anatomical
similarity.

In this paper, a method based on iterative local linear mapping (ILLM) with representative and local structure-preserved
feature embedding is proposed to segment the hippocampus
from MR image. The proposed method is composed of three
parts including semi-supervised deep autoencoder (SSDA),
local linear mapping (LLM), and ILLM. The SSDA is aimed at

generating representative and local structure-preserved feature
embedding by nonlinearly transforming the samples from the
MR patch space to an embedded feature manifold, where the
adjacent relationship between different samples is the same
with those on the SDM patch manifold. In other words, the
samples that are close in the SDM patch manifold lie also close
in the embedded feature manifold. Using the representative
and local structure-preserved feature embedding, the LLM
achieves a preliminary segmentation. The ILLM iteratively
completes a refined segmentation by exploiting the anatomical
space information to update the dictionary.
The main contributions are as follows:
• The SSDA is proposed to obtain representative and local
structure-preserved feature embedding by a nonlinear
mapping. The similar samples in the SDM patch manifold
lie in the neighboring region in the embedded feature
manifold. This invariance of the adjacent relationship
between the SDM patch manifold and embedded feature
manifold ensures the consistency of the local structure in
the two manifolds.
• The ILLM is proposed to refine the preliminary segmentation result. By iterative segmentation, the segmentation
result is close to the ground truth gradually.
• The space-constrained dictionary update (SCDU) in
ILLM is used to remove the outlier of the dictionary. The
SCDU restricts the embedded feature dictionary and the
target sample to be in the neighboring anatomical space
without the need of registration, which further ensures
the consistency of the local structure in the embedded
feature manifold and SDM patch manifold.
• The SDM instead of the binary label is employed to
learn feature embedding. The SDM contains the spacial
information of the anatomical structures. Thus the learned
feature is more discriminative than those learned from the
binary label.
• We divide the segmentation issue to a multi-output regression problem and a threshold segmentation problem.
This provides a novel idea for the classification-based
segmentation approaches.
II. M ETHODS
The proposed method consists of three parts including LLM,
SSDA, and ILLM. The LLM is designed to predict the preliminary segmentation. The SSDA is aimed at nonlinearly mapping
the samples from MR patch manifold to the embedded feature
manifold, in which the similar samples are also close in the
SDM patch manifold. To refine the segmentation result, the
ILLM is employed to obtain a refined segmentation.
A. Mathematical formulation
The hippocampus segmentation problem is formulated as a
multi-output regression problem in conjunction with a threshMR
old segmentation problem.
a test
{ MGiven
} image Itest and a
R SDM m
set of training images Ii , Ii
which consist of
i=1
m MR/SDM image pairs, we intend to estimate the label
N
MR
of Itest
. Let T = {xi , oi }i=1 be a set of training samples,
which consists of N MR/SDM image patch pairs extracted
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{
}m
N
from IiM R , IiSDM i=1 . The feature embedding of {xi }i=1
N
is denoted as E = {ei }i=1 . For the multi-output regression
problem, given a test MR image patch xtest , we aim to predict
the corresponding SDM patch otest . We slide the patch across
the test image with a stride of 1 × 1 × 1, ensuring patches
overlap. The average of the predicted SDM values for the
overlapped patches is used as the final estimation to obtain the
predicted test SDM image. Since the absolute value of SDM of
a point denotes the distance between the point and its nearest
point on the boundary of hippocampus, and the sign of SDM
denotes whether the point belongs to the hippocampus, we
MR
can predict the label of Itest
through a threshold segmentation
MR
after calculating the SDM image of Itest
.
B. LLM for preliminary segmentaion
As shown in Fig. 1, the proposed LLM is composed of
dictionary construction, local linear representation (LLR), and
SDM prediction and segmentation. The LLM is based on two
assumptions as follows.
• Assumption I: The samples from embedded feature space
and SDM patch space are located on different nonlinear
manifolds, and a sample can be approximately represented as a linear combination of several nearest neighbors
from its manifolds.
• Assumption II: The mapping from embedded feature
manifold to SDM patch manifold f : M F → M SDM
is differentiable and local linear.
The embedded feature manifold M F and SDM patch manifold
M SDM are spanned by atoms in dictionary D = {A, B},
where A = [a1 , a2 , ..., an ] ∈ Rd×n and B = [b1 , b2 , ..., bn ] ∈
Rq×n denote the embedded feature dictionary and SDM patch
dictionary respectively.
Assumption I has been validated in several analogous applications including brain extraction [16], prostate segmentation
[22], and prediction of CT from MR image [23]. To ensure
the reasonability of Assumption II, the local structure of M F
should be consistent with M SDM , which is achieved by the
local structure-preserved manifold regularization (LSPMR) (in
Section II-C2) and SCDU (in Section II-D1).
Based on Assumption I and Assumption II, the test sample
in embedded feature manifold is locally linearly represented
by A, and then the reconstruction coefficients calculated from
LLR are used to combine the B to obtain the predicted SDM
patch of the test sample. After predicting all the SDM patches
of a test MR image, the SDM image is obtained by averaging
the overlapped SDM patches. Finally, the preliminary segmentation result is generated by a threshold segmentation.
1) Dictionary construction: The k-means cluster method is
introduced to construct the representative dictionary. Several
studies [18], [22] have verified that k-means cluster is effective
for LLR to construct representative dictionary. Based on kmeans cluster, the atom ai ∈ Rd of A is calculated as:
1 ∑
ai =
ej
(1)
|Ci |
ej ∈Ci

where Ci is a set, and each ej ∈ Ci is closest to ai in A, i.e.,
ai is the cluster center of Ci , and |Ci | is the size of Ci .

Based on Assumption II, the mapping f : M F → M SDM
is locally linear. Therefore, the atom bi ∈ Rq of B is denoted
as:
1 ∑
1 ∑
bi = f (ai ) =
f (ej ) =
oj
(2)
|Ci |
|Ci |
ej ∈Ci

ej ∈Ci

where oj is the SDM patch corresponding to ej .
2) Local linear representation (LLR): LLR aims to represent a sample with the linear combination of several nearest neighbors from the manifold. Previous study [18] has
demonstrated that Locality-constrained linear coding (LLC)
[24] achieves great performance in LLR since LLC represents
a test sample using several samples located in a local region
around the test sample. The locality is imperative according
to Assumption II, therefore, the LLC is adopted for LLR. A
test sample etest is linearly represented as follows:
etest =

n
∑

ai α i + ε ≈

i=1

s.t. ∥ε∥ < τ,

n
∑

ai α i

i=1
n
∑

αi = 1,

(3)

i=1

∀ai ∈
/ Nk (etest ) , αi = 0
where ε is the reconstruction error of etest and τ is a small
non-negative constant. Nk (etest ) is a set that is composed of
the k-nearest neighbors of etest in A. The coefficient vector
T
α = [α1 , α2 , ..., αn ] is calculated by LLC.
3) SDM prediction and segmentation: Based on Assumption II, a local region on manifold M F is mapped to a local
region on manifold M SDM , and the mapping f : M F →
M SDM is linear. The DF patch of etest is calculated as:
( n
)
∑
ai αi
otest = f (etest ) ≈ f
=

n
∑
i=1

f (ai ) αi =

i=1
n
∑

(4)
bi αi

i=1

The patch is slid across the test image with a stride of
1 × 1 × 1 to ensure patches overlap. Then the preliminary
SDM (0)
predicted test SDM image Itest
is obtained by averaging
the overlapped predicted SDM patches. The preliminary pre(0)
dicted test label image Ltest is calculated via a zero threshold
SDM (0)
for Itest
.
4) Summary of LLM: The proposed LLM is summarized
as Algorithm 1.

C. SSDA for representative and local structure-preserved feature embedding
As shown in Fig. 2, the SSDA is composed of an unsupervised deep autoencoder (UDAE) for representative feature embedding and a local structure-preserved manifold regularization (LSPMR) for local structure-preserved feature embedding.
N
Given a set of training samples T = {xi , oi }i=1 , we aim to
generate the corresponding representative and local structure-
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Fig. 1: The framework of LLM
Algorithm 1 LLM
N

MR
; the training set T = {xi , oi }i=1 ;
Input: The test image Itest
the volume of interest (VOI) of the test image;
(0)
Output: The preliminary predicted test label image Ltest ;
N
1: Transform the training MR patch {xi }i=1 to feature
N
embedding {ei }i=1 by SSDA;
2: Construct the dictionary D = [A, B] via Eq. 1 and Eq. 2;

3:
4:
5:
6:
7:
8:
9:

10:
11:

Extract test MR patch xtest(i) , i ∈ V OI;
Transform xtest(i) , i ∈ V OI to the feature embedding
etest(i) , i ∈ V OI by SSDA;
for each i ∈ V OI do
Calculate the coefficient vector α for LLR in Eq. 3 using
LLC;
Predict the test SDM patch otest(i) via Eq. 4;
end for
Obtain the preliminary predicted test SDM image
SDM (0)
Itest
by averaging the overlapped predicted SDM
patches;
(0)
Calculate the preliminary predicted test label image Ltest
SDM (0)
via a zero threshold for Itest
;
(0)
return Ltest

N

preserved feature embedding E = {ei }i=1 . The loss function
is as follows:
supervised
regularization
(LSPMR)

unsupervised
loss

loss =

z }| {
lossun

+β

z }| {
lossreg

(5)

where the first term is an unsupervised loss function which
aims to learn representative feature embedding while the
second term is a supervised regularization named LSPMR
which is designed to learn local structure-preserved feature
embedding; β is a scaling factor controlling the relative
importance of the supervised term.

Fig. 2: The SSDA including UDAE for representative feature
embedding and LSPMR for local structure-preserved feature
embedding. For the LSPMR, the points with the same color
are the identical samples.
1) Unsupervised deep autoencoder (UDAE): As shown
in Fig. 2, the UDAE is a fully connected network whose
output is the same with input. The UDAE is composed of an
encoder and decoder. The encoder aims to generate the feature
embedding while the decoder is used to reconstruct the input
using the feature embedding. Given an MR patch xi ∈ Rr ,
the hidden representations for each layer are formulated as
follows:
(
)
(1)
hi = σ (W (1) xi + b(1) )
(6)
(l)
(l−1)
hi = σ W (l) hi
+ b(l) , l = 2, ..., L − 2
where σ is the activation function and L is the number of
layers. Then the feature embedding is:
(
)
L−1
L−1
( L−3
( L−1
2 )
2 )
(
)
(
)
2
2
hi
ei = hi
=σ W
+b
(7)
The output of the UDAE is:
)
(
x̃i = σ W (L−1) h(L−2) + b(L−1)
The unsupervised loss function is:
1
2
lossun =
∥xi − x̃i ∥2
N

(8)

(9)
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The Eq. 9 aims to represent the input MR patch using
the feature embedding. As a result, the UDAE generates a
representative feature embedding.
2) Local structure-preserved manifold regularization (LSPMR): To ensure the consistency of the local structure in
M F and M SDM , the LSPMR is proposed to obtain local
structure-preserved feature embedding. Owing to the LSPMR,
the samples are mapped from MR patch manifold to the
embedded feature manifold, which preserves the local geometrical structure of the SDM patch manifold. Since this mapping
is nonlinear, it can disengage the complicated relationship
between MR patch manifold and SDM patch manifold. To this
end, a k1 -nearest neighbor graph G = (V, J) is constructed,
where V and J represent vertices and edges between vertices
in the graph G. Each SDM patch sample oi is a vertice Vi of
G. The elements of the similarity matrix Ŝ ∈ RN ×N are the
edge weights of the graph G. Each element Ŝij is calculated
by a heat kernel with parameter σ1 :
(
)

2
∥oi − oj ∥2



,oj ∈ Nk1 (oi ) ,
 exp −
2σ12
Ŝij =
(10)


i
=
̸
j,i,
j
=
1,
2,
...,
N


0, otherwise
where Nk1 (oi ) denotes the k1 -nearest neighbor of oi . The
LSPMR loss is defined as follows:
1

lossreg =

N ∑
N
∑

(

)
{

u (t) =

2

Ŝi,j ∥ei − ej ∥2

(11)

i=1 j=1

u Ŝi,j

i=1 j=1

N ∑
N
∑

1, t > 0
0, t ≤ 0

(12)

The graph G using Eq. 10 as the edge weight is a directed
graph and Ŝ is asymmetric. To simplify the computation, Ŝ
is replaced with a symmetric similarity matrix S ∈ RN ×N to
construct the graph G:
(
)
S = max Ŝ, Ŝ T
(13)
(
)
where max Ŝ, Ŝ T denotes the element-wise maximum operation and Ŝ T is the transpose of matrix Ŝ. The loss function
of lossreg can be rephrased as follows:
lossreg =

N ∑
N
∑

1

N
∑

N
∑

2

u(Si,j ) i=1 j=1

(
)
tr X T QX

i=1 j=1

=

N ∑
N
∑

2

Si,j ∥ei − ej ∥2
(14)

u(Si,j )

i=1 j=1

where Q = M − S, M ∈ RN ×N is a diagonal matrix, Mi,i =
N
∑
Si,j ; X is the samples matrix in the embedded feature
j=1

manifold, Xi,• = ei ; tr() denotes the trace of a matrix. The
loss function of Eq. 14 incurs a penalty when similar vertexes
are far away in the embedded feature manifold. As a result, the
neighboring samples in the SDM patch manifold have similar
feature embedding. Note that if all samples in the embedded
feature manifold gather to a point, the lossreg will tend to

zero, which is unreasonable for the segmentation issue. In this
sense, the lossun in Eq. 5 is able to avoid the gathering of the
embedded features.
D. Iterative local linear mapping (ILLM)
As shown in Fig. 3, ILLM aims to refine the segmentation
result iteratively by SCDU, LLR, and SDM prediction and segmentation. In SCDU, the test MR image and the corresponding
SDM image predicted by the previous iteration are exploited to
update the dictionary. The atoms from the updated embedded
feature dictionary and the test embedded feature lie in similar
anatomical structure, which further ensures the consistency of
the local structure in M F and M SDM . The LLR is designed
to represent the test embedded feature using the updated
embedded feature dictionary. The coefficients calculated in
LLR are used for SDM prediction and segmentation. These
procedures of segmentation refinement are repeated iteratively
until convergence. As a result, a refined segmentation result is
obtained.
1) Space-constrained dictionary update (SCDU): The SCDU is designed to further ensure the consistency of the local
structure in M F and M SDM by constructing the dictionary
D whose atoms from the embedded feature dictionary A lie
in the neighborhood of the estimated target in the anatomical
space. To avoid that similar samples in the embedded feature
manifold lie in distinct anatomical location, the similarity
in the anatomical space should be used to construct the
dictionary. Since the SDM patch contains the relative location
information between the estimated target and the hippocampus
boundary, the distance metric involved with the SDM patch is
capable of measuring the similarity of the anatomical space.
Therefore, as shown in Fig. 3, we propose to update the
dictionary under a local constraint of SDM patch manifold,
i.e., the distance metric involved with the SDM patch.
The procedures of SCDU are as follows: 1) The embedded
feature of a test sample is multiplied by a scaling factor λ
and then concatenated with the predicted SDM patch of the
previous iteration; 2) The embedded feature dictionary A is
multiplied by λ and then concatenated with the SDM patch
dictionary B along their second axis; 3) The k-nearest neighbors (KNN) approach is used to find the k-nearest neighbors of
the concatenated vector generated in step 1 from the concatenated dictionary obtained in step 2; 4) The updated dictionary
is constructed by selecting atoms from the dictionary D
using the
these k-nearest neighbors. Mathematically,
{ index of }
D(t) = A(t) , B (t) is used to denote
[ the updated dictionary
]
(t) (t)
(t)
(t)
in the t-th iteration, where A = a1 , a2 , ..., ak ⊆ A
[
]
(t) (t)
(t)
and B (t) = b1 , b2 , ..., bk ⊆ B are the embedded feature
dictionary and SDM patch dictionary in the t-th iteration
respectively. The atoms of A(t) and B (t) are selected from A
(t)
and B respectively. A set Ck ⊆ {1, 2, ..., n} which contains
k elements denotes the index of the selected atoms from A
(t)
and B in the t-th iteration. The Ck is calculated as follows:
]
∑ [
2
(t)
(t−1)
Ck = arg min
λetest ; otest − [λaj ; bj ]
(15)
(t)

Ck

(t)

2

j∈Ck
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Fig. 3: The framework of ILLM
(t)

where otest denotes the predicted SDM patch for the test
sample etest in the t-th iteration; [•; •] denotes concatenating
two vectors; λ is a scaling factor controlling the importance
of the feature embedding and the corresponding SDM patch
when we search the k-nearest neighbors of the test sample in
the dictionary during SCDU.
The advantages of SCDU include two-fold. First, SCDU
replaces the function of registration in patch-based MAS
approaches by constraining the target sample and atoms of
the updated dictionary to lie in the adjacent anatomical space.
This can remove the outliers of the original dictionary D.
Second, SCDU overcomes the drawback of patch-based MAS
approaches since SCDU is free from registration. Owing
to SCDU, the performance of ILLM is not subject to the
registration accuracy.
2) Local linear representation: Based on the updated embedded feature dictionary A(t) , the test sample etest is linearly
represented as follows:
etest =

k
∑

(t) (t)

ai αi + ε(t) ≈

i=1

s.t. ε

(t)

k
∑

(t) (t)

ai α i

i=1

< τ,

k
∑

(t)
αi

(16)

=1

i=1

where ε(t) is the reconstruction error of etest in the t-th iteration and τ is a [small non-negative
] constant. The coefficient
(t)

(t)

(t)

T

vector α(t) = α1 , α2 , ..., αk
in the t-th iteration is
calculated by LLC.
3) SDM prediction and segmentation: The SDM patch of
etest in the t-th iteration is calculated as follows:
( k
)
∑ (t) (t)
(t)
otest = f (etest ) ≈ f
ai αi
i=1
k
k
(
)
∑
∑
(t)
(t)
(t) (t)
=
f ai α i =
bi α i
i=1

i=1

(17)

The patch is slid across the test image with a stride of 1×1×1,
ensuring patches overlap. For a point p in the test image, a
series of predicted SDM values from the overlapped patch are
obtained. The average of these predicted values is used as the
(t)
estimation for the point p. The predicted label Ltest of the test
MR
image Itest
in the t-th iteration is calculated by a threshold of
(t)
zero for the predicted SDM image. The predicted label Ltest
is utilized to next iteration until convergence.
4) Summary of ILLM: The proposed ILLM is summarized
as Algorithm 2.
III. E XPERIMENT CONFIGURATIONS
A. Datasets
The datasets were obtained from ADNI database 1 . The
ADNI datasets were composed of 135 subjects including 68
subjects with 1.5T T1-weighted images and 67 subjects with
3.0T T1-weighted images. The manual hippocampus masks
were provided by EADC project 2 . There were three clinical
categories in the ADNI datasets, including normal control
(NC), mild cognitive impairment (MCI), and Alzheimers disease (AD). There were 22 (22) NC subjects, 24 (22) MCI
subjects, and 22 (23) AD subjects in the 1.5T (3.0T) dataset.
The images resolution was 1×1×1 mm3 . All the experiments
were conducted in 1.5T dataset and 3.0T dataset separately to
avoid the influence of the field strength. Stratified 5-fold crossvalidation was adopted to divide the training and test datasets.
Specifically, the 1.5T (3.0T) dataset was randomly divided into
5 groups and the percentage of samples for NC, MCI, and AD
groups in each group was approximately equal. Four groups
were employed to train the model and the last group was used
for test. This procedure was repeated five times until the label
of hippocampus for all subjects were obtained. The hyperparameters were tuned using the 1.5T dataset and the optimal
parameters were used for 3.0T dataset.
1 http://adni.loni.usc.edu/
2 http://www.hippocampal-protocol.net
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Algorithm 2 ILLM
MR
Input: The test image Itest
; the preliminary predicted test la(0)
bel image Ltest obtained by LLM; the VOI; the dictionary
D;
Output: The test label image Ltest ;
1: Initialize t = 0; maxIter = 5; ξ = 0.99; D (0) = D;
MR
2: Extract test MR patches xtest(i) , i ∈ V OI from Itest
;
3: Get the feature embedding etest(i) , i ∈ V OI using the
SSDA;
4: repeat
(t)
SDM (t)
;
5:
Ltest is transformed to SDM image Itest
(t)
6:
Extract the SDM patches otest(i) , i ∈ V OI from
SDM (t)

16:

Itest
;
t = t + 1;
for each i ∈ V OI do
Update the dictionary D(t) using Eq. 15;
Calculate the coefficient vector α(t) for LLR in Eq.
16 using LLC;
(t)
Predict the test SDM patch otest(i) via Eq. 17;
end for
SDM (t)
Obtain the predicted test SDM image Itest
by
averaging the overlapped predicted SDM patches;
(t)
Calculate the predicted test label image Ltest via a zero
SDM (t)
threshold for Itest ( ;
)
(t)
(t−1)
Calculate the DSC Ltest , Ltest ;
(
)
(t)
(t−1)
until t = maxIter or DSC Ltest , Ltest
>ξ

17:

return Ltest = Ltest

7:
8:
9:
10:
11:
12:
13:
14:
15:

(t)

B. Preprocessing
All images underwent several preprocessing steps, including
image cropping, volume of interest (VOI) extraction, and
intensity normalization. First, the images of the NC subjects
from the training dataset were used to build a template
using the ANTs [25], [21] scripts. The template was linearly
registered to all MR images by FLIRT tool [26], followed by a
nonlinear transformation using ANTs. A 56 × 64 × 64 cropped
image was obtained by a bounding box which enclosed the
hippocampus in the warped template label. Then the VOI
was extracted by dilating the warped template label using
a square structuring element with size of seven voxels. The
200,000 training samples were randomly extracted in the VOI
of all training images. Finally, the cropped image intensity was
linearly normalized to range of [0,1]. Note that the procedures
of training and test were conducted in the original image space,
which can avoid the error due to interpolation for the warped
labels of the training and test images.
C. Implementation details
The number of network layers L was set to 5. The
numbers of nodes in the network layers were set to
[343, 256, 128, 256, 343]. Thus the dimension of feature embedding was d = 128. The last layer used sigmoid as the
activation function while the other layers utilized relu [27] as
the activation function. The networks were trained using Adam

optimizer [28] with a learning rate of 0.001 and a batch size of
128. The proposed algorithm was implemented by tensorflow
3
and python using a laptop with a four-core processor and
a GTX1050 GPU. During test, the segmentation of an image
required 4 minutes on average.
D. Evaluation metrics
Dice similarity coefficient (DSC), error, precision, and recall
were used as the quantitative metrics to evaluate the performance of the methods. These evaluation metrics are defined as
F P +F N
2T P
follows: DSC = 2T P +F
P +F N , Error = T P +T N +F P +F N ,
TP
TP
P recision = T P +F P , and Recall = T P +F N , where false
positives (FP), false negatives (FN), true positives (TP), and
true negatives (TN) are the confusion matrix elements [19].
IV. R ESULTS AND ANALYSIS
A. Parameter settings
The hyper-parameters of the proposed method were tuned
by cross-validation using the 1.5T dataset. When studying the
impact of a certain parameter on hippocampus segmentation
accuracy, the other parameters were fixed. The optimal β
in Eq. 5 was selected among {0, 0.5, 1.0, 1.5, 2.0} in the
preliminary segmentation of hippocampus achieved by LLM.
As shown in Fig. 4, with β increasing from 0.0 to 0.5, the
hippocampus segmentation performance is improved; with β
increasing from 0.5 to 2.0, the hippocampus segmentation
performance decreases. This results from the fact that a little
β can lead to the lack of discrimination for the feature
embedding while large β can result in aggregation for all
samples in the embedded feature manifold. Thus the optimal
value of β was set to 0.5. Fixing the optimal β, the optimal
λ in Eq. 15 was selected among {0, 10, 20, 30, 40, 50, 60}
when achieving hippocampus segmentation using ILLM. As
shown in Fig. 4, λ = 50 achieves the highest mean DSC.
Thus the optimal value of λ was set to 50. The MR patch
and SDM patch sizes were set to 7 × 7 × 7 and 5 × 5 × 5
respectively. The other parameters were empirically set as
follows: N = 200000, n = 70000, k = 30, k1 = 5,
N
N
∑
∑
σ1 = N (N2−1)
∥oi − oj ∥2 .
i=1 j=1,j>i

B. Effectiveness of SSDA
The effectiveness of SSDA was validated by evaluating the
impact of UDAE and LSPMR using the LLM to achieve
preliminary segmentation since the SSDA consists of UDAE
and LSPMR, as shown in the first three rows in Table I.
The UDAE (as shown in the second row in Table I)
achieves mean DSC increases of 0.15% and 0.36% for the
bilateral hippocampus segmentation in 1.5T and 3.0T datasets
respectively compared with the intensity patch feature (as
shown in the first row in Table I). This result demonstrates
that the representative feature embedding obtained by the
UDAE is capable of improving the hippocampus segmentation
performance.
3 https://www.tensorflow.org
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TABLE I: Combining UDAE, LSPMR, and ILLM achieves the highest mean DSC for the hippocampus segmentation in the
1.5T and 3.0T datasets.
UDAE

LSPMR

ILLM

√
√
√

√

√

√

Left
0.8568 ± 0.0439
0.8594 ± 0.0341
0.8637 ± 0.0302
0.8844 ± 0.0209

1.5T (68)
Right
0.8617 ± 0.0417
0.8620 ± 0.0388
0.8661 ± 0.0354
0.8853 ± 0.0261

Bilateral
0.8600 ± 0.0341
0.8615 ± 0.0288
0.8655 ± 0.0263
0.8852 ± 0.0203

Left
0.8388 ± 0.0625
0.8412 ± 0.0596
0.8451 ± 0.0560
0.8735 ± 0.0335

3.0T (67)
Right
0.8464 ± 0.0704
0.8524 ± 0.0439
0.8587 ± 0.0357
0.8828 ± 0.0195

Bilateral
0.8440 ± 0.0548
0.8476 ± 0.0442
0.8521 ± 0.0434
0.8783 ± 0.0251

of the left and right hippocampus for the 1.5T dataset have
no significant difference, which may result from the fact that
the outliers of right hippocampus for the 1.5T dataset are
significantly less than left hippocampus.
D. Comparison with relevant approaches

Fig. 4: Optimal parameters selection based on the bilateral
hippocampus segmentation of the 1.5T dataset using LLM.
The orange line and green triangle in the box denote the
median and mean DSC respectively. The optimal parameters
are set to β = 0.5 and λ = 50.
As shown in Table I, combining the UDAE and LSPMR
achieves mean DSC increases of 0.55% and 0.81% for the
bilateral hippocampus segmentation in 1.5T and 3.0T datasets
respectively compared with the intensity patch feature. The
representative feature embedding obtained by the UDAE in
conjunction with the local structure-preserved feature embedding achieved by the LSPMR improve the hippocampus
segmentation performance significantly.
C. Effectiveness of ILLM
Results in the last two rows in Table I show that the ILLM
achieves the best performance compared to LLM. Using the
ILLM, the mean DSCs of bilateral hippocampus segmentation for the 1.5T dataset and 3.0T dataset increase 1.97%
and 2.62% respectively compared to LLM. This significant
performance improvement for hippocampus segmentation is
attributed to the SCDU. Combining the anatomical space
information and embedded feature space information, the
SCDU obtains an updated dictionary which further ensures the
local constraints of M F and M SDM . Thus the ILLM achieves
better performance compared to LLM.
As shown in Table I, using the ILLM, the mean DSCs
of left and right hippocampus segmentation for the 1.5T
(3.0T) dataset increase 2.07% (2.84%) and 1.92% (2.41%)
respectively. Since AD tends to have a stronger impact on
left hippocampus than right hippocampus, the outliers in the
original dictionary D for the left hippocampus are more than
the right hippocampus. Therefore, the performance improvement for the left hippocampus is more prominent than the
right hippocampus. Specifically, the segmentation performance

The hippocampus segmentation performance of the
proposed ILLM was compared with the state-of-the-art
classification-based method HUMAN [21] and patch-based
MAS approaches, including non-local patch-based approach
(NLPB) [7], joint label fusion (JLF) [6], and DFF [17].
We chose the patch-based MAS approaches as a part of
comparison methods because we aimed to emphasize that
the ILLM can achieve superior performance even though it
is free from registration. The HUMAN was implemented by
ourselves according to the details in [21]. For the patch-based
MAS approaches, the cropped training images were linearly
registered to the target image using FLIRT tool [26]. Then atlas
selection based on SSD was used to improve the segmentation
accuracy and reduce computational cost. For fairness, optimal
parameters were selected by the 1.5T dataset. The box plots
of these approaches performance are shown in Table II and
Fig. 5.
Results in Table II show that the ILLM achieves the highest
DSC compared to the other approaches. All the approaches
achieve the best performance for the NC subjects and the worst
performance for the AD subjects. This arises from the fact
that the appearance and shape from the AD subjects are more
diverse than those from the NC subjects.
As shown in Fig. 5, the proposed ILLM is superior to the
state-of-the-art approaches in most of the evaluation metrics.
The ILLM and NLPB achieve a balance between the Precision
and Recall. The JLF and DFF have a high Precision but low
Recall, which indicates that they under-segment the hippocampus. Even though the HUMAN achieves the highest Recall,
its Precision is the lowest and the Error is the largest. These
demonstrate that the HUMAN over-segments the hippocampus. The ILLM achieves the best performance in the DSC and
Error even though the ILLM is free from registration. These
superior performances of ILLM can be attributed to the local
structure-preserved feature embedding and SCDU. Combining
the local structure-preserved feature embedding and SCDU,
the local constraints of M F and M SDM are ensured. The
target sample and atoms of the updated dictionary lie in the
neighboring anatomical space owing to SCDU, which not only
replaces the function of registration but also overcomes the
limitation of registration error. Thus ILLM achieves the best
performance without the need for registration.
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TABLE II: ILLM achieves the highest mean DSC for the bilateral hippocampus segmentation in the 1.5T and 3.0T datasets.
The digit in the bracket denotes the number of subjects.
Methods
NLPB
JLF
DFF
HUMAN
ILLM

NC (22)
0.8679 ± 0.0204
0.8772 ± 0.0234
0.8639 ± 0.0379
0.8652 ± 0.0192
0.8967 ± 0.0143

1.5T (68)
MCI (24)
0.8579 ± 0.0216
0.8660 ± 0.0194
0.8526 ± 0.0475
0.8472 ± 0.0291
0.8855 ± 0.0166

AD (22)
0.8457 ± 0.0242
0.8457 ± 0.0322
0.8486 ± 0.0246
0.8122 ± 0.0512
0.8733 ± 0.0222

NC (22)
0.8552 ± 0.0210
0.8653 ± 0.0247
0.8631 ± 0.0312
0.8548 ± 0.0227
0.8935 ± 0.0127

3.0T (67)
MCI (22)
0.8476 ± 0.0268
0.8632 ± 0.0232
0.8539 ± 0.0302
0.8362 ± 0.0269
0.8747 ± 0.0308

AD (23)
0.8379 ± 0.0243
0.8539 ± 0.0171
0.8487 ± 0.0208
0.8044 ± 0.0572
0.8672 ± 0.0205

Fig. 5: The proposed ILLM achieves the best performance for most of evaluation metrics for the bilateral hippocampus
segmentation in the 1.5T (the top row) and 3.0T (the bottom row) datasets. The orange line and green triangle in the box
denote the median and mean respectively.

Fig. 6: The signed distance between the ground-truth and estimated surfaces obtained by NLPB, JLF, DFF, and ILLM. Each
row is the left hippocampus of a subject. The positive value denotes that the method tends to shrink the hippocampus and
negative value denotes that the method tends to expand it.
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Fig. 6 shows the signed distance between the groundtruth and estimated surfaces for two subjects of 1.5T and
3.0T datasets. Results show that the proposed ILLM achieves
minimum bias especially for the hippocampal tail of the
1.5T dataset and the hippocampal head of the 3.0T dataset
compared to the patch-based MAS approaches. For the subject
of the 1.5T dataset, the patch-based MAS approaches undersegment the regions of the hippocampal tail while the proposed
ILLM achieves a realistic estimation. Furthermore, the HUMAN over-segments the most of regions of the hippocampus
for the 1.5T dataset. For the subject of the 3.0T dataset, the
patch-based MAS approaches under-segment the head of the
hippocampus and the HUMAN over-segments the body of the
hippocampus, but ILLM achieves an accurate hippocampus
segmentation.
V. C ONCLUSION
We have presented an accurate and robust method for
hippocampus segmentation using ILLM with representative
and local structure-preserved feature embedding. By introducing Assumption I and Assumption II, the hippocampus segmentation procedure was inferred elegantly. SSDA achieved
representative and local structure-preserved feature embedding
by unsupervised deep autoencoder and LSPMR. Combining
LSPMR and SCDU in ILLM, the adjacent relationships of
the anchors in the embedded feature dictionary and SDM
patch dictionary are similar, which ensures the consistency
of the local structure in M F and M SDM . As a result, we
achieved accurate hippocampus segmentation with no need for
registration.
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