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Abstract. Automated evaluation of hippocampus volume plays a cru-
cial role in the analysis of various neurodegenerative conditions like
Alzheimer’s Disease and Epilepsy. Examination of the hippocampus sub-
fields assumes paramount importance as it can reveal early signs of brain
abnormalities. However, delineating these subfields becomes extremely
challenging due to their intricate nature and the requirement for manu-
ally annotated high-resolution magnetic resonance images. In this paper,
we propose an innovative deep graph cut approach, boosted by shape in-
formation, for automatic segmentation of hippocampus subfields. A deep
learned shape term is incorporated in the energy function of the graph
cut. A modified a— 8 swap technique, that leverages deep learning, is de-
signed to improve the execution time of the proposed multi-class segmen-
tation algorithm. We demonstrate the efficacy of our solution by outper-
forming a number of state-of-the-art methods on the publicly available
Kulaga-Yoskovitz dataset.

Keywords: Hippocampus subfield segmentation - Multi-class Graph
cut - Shape term - Deep Learning.

1 Introduction

The hippocampus (HC) is a paired brain structure situated in the medial tem-
poral lobe adjacent to the brainstem in close proximity to the cerebellum. It
plays a crucial role in various cognitive functions, such as, memory and spa-
tial reasoning [23]. Over the past decade, there has been a growing interest in
segmenting hippocampal subfields using MRI. Recent research has identified dis-
tinct functional roles for these anatomical subregions, with CA1 implicated in
memory integration and inference [28], CA3 in memory retrieval [§], and both
the dentate gyrus (DG) and CA3 in pattern separation [2]. Clinically, the volume
or morphology of the hippocampus and its subfields are closely related to many
neurodegenerative diseases like Epilepsy [32] and Alzheimer’s disease [17]. So, it
is desirable to develop automatic hippocampal subfields segmentation from brain
MR image. However, manual delineation of hippocampal subfields is a laborious
and time-intensive task, leading to constraints on sample sizes in various studies.

We first discuss some works that use classical techniques for HC subfield
segmentation. The authors in [36] used a multi-atlas approach combined with a
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similarity-weighted voting and a boosting-based error correction as a solution.
They termed their method, ASHS. This method took several hours to produce
a segmentation due to exhaustive use of non-linear registrations. More recently,
a method named HIPS [26] obtained state-of-the-art results with relatively low
processing times. While classical methods integrated domain-specific image fea-
tures like gradient, intensity, and textures within an energy minimization frame-
work, they are found to heavily depend on initialization, such as manual seeding.
As a result, they are prone to segmentation errors caused by uncertain position-
ing of the markers. Furthermore, these approaches are quite laborious and may
not be practical for clinical environments with a heavy workload.

Deep learning approaches have surpassed classical methods, delivering supe-
rior segmentation performance in significantly less time. Recently, due to the
expansion of deep learning (DL) in medical imaging for tasks like classification
[10] and segmentation [11], novel methods based on this technology have been
proposed to further improve the accuracy of HC sub-field segmentation. UNet
based methods [22], [37] have shown promising results. Shi et al. [29] proposed
a Generative Adversarial Network (GAN) to create a segmentation model. But
UNet and GAN based methods require a lot of data and medical imaging lacks
consistent and sufficient annotated data, making DL algorithms perform poorly
in many cases [31]. Although some authors have tried to bypass this problem
using multi scaling technique [35] and using higher resolution data [20], the
problem continues to exist.

A combination of both classical and DL techniques can achieve better seg-
mentation performance than using DL methods or classical methods in isolation.
For example, see the works [27], [24] in lung nodule segmentation. In case of 3D
brain tumor segmentation [12], a combination of UNet and graph cut helped
circumvent manual seeding problem of the graph cut and undersegmentation of
UNet due to scarcity of data.

In this paper, we propose a shape driven multi-class segmentation method
using UNet [9] and graph cut. We take inspirations from [12], [11] and [33] to
create a state-of-the-art model to segment the HC into three classes, namely,
CA1-3, CA4/DG and Subiculum (Sub). In [5], Boykov et al. showed that a two-
class segmentation is achievable in polynomial time using graph cuts. However,
if the number of labels exceeds 2 (as for the present problem), finding an ex-
act solution becomes an NP-hard problem. They suggested two types of large
moves (changing labels of individual pixels/voxels) based on minimal graph cuts,
namely, -expansion and - swap. In this work, we use UNet to improve the

- swap. A number of research papers demonstrated that use of shape in-
formation can improve the segmentation accuracy [21], [19], [11]. Shape priors
provide valuable guidance by incorporating prior knowledge about the expected
shapes of objects in the image. This guidance helps the segmentation algorithm
to make more informed decisions about the boundaries and regions of interest
[30]. By imposing shape constraints, shape priors help to enforce consistency in
the segmented shapes, ensuring that the output conforms to the expected shape
characteristics [1]. The shape prior has to be made adaptive in case of substan-
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tial noise and intensity variations. Here, we better an adaptive shape prior from
deep learned information via UNet. Our main contributions are now summarized
below:

1. Propose a new energy function for multi-class segmentation based on graph
cut and deep learning (UNet)
2. Incorporate learned information from UNet for optimizing the number of
- swaps
3. Show how an adaptive shape prior can be learned from UNet

2 Proposed Method

2.1 Deep Graph Cut

Let us define the 3D MRI input as a gray-scale volumetric data, which may be
represented as a 3D weighted graph denoted by G = G(V; E). Each vertex is
represented by a voxel X in G, and X is the collection of all voxels. We introduce
two new vertices, called ’source’ and ’sink’, represented by S and t respectively.
There are two sorts of edges or linkages that we consider: t-links (T) and n-links
(N). s and t is linked to very voxel X through t-links. We utilize a compact
26-neighborhood, represented as Ne(X) for every voxel X. Assume that y is a
neighbor of X. Therefore, y belongs to the neighborhood of X, and we establish
a connection between X and y by an n-link. Therefore, the set V is defined as
the union of sets X, s, and t, whereas the set E is defined as the union of sets
T and N. Let us establish a segmentation A as a classification of all voxels into
two distinct classes: "object" or "background". This classification is done on
a voxel-wise basis. Therefore, according to the reference [7], it is necessary to
minimize the subsequent energy function:

(A)=B(A)+ R(A) (1)

The term B(A) represents the boundary characteristics or smoothness term of
A, while R(A) represents the regional properties or data term of A. These terms
are represented mathematically as below:

>
zeX,yeNe(x)
>
R(A) = R, (3)
zeX

In [12], we modified the above energy function (Eq. 1) by incorporating learned
information from the 3D UNet [9]. The modified energy function is given below:

X
pac(A) = Bpac(X;y)+
wEX,yegéw) (4)
pac(X) Rpac(X)

reX
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2.2 Multi-class Deep Graph Cut

As stated earlier, in this work, we deal with multi-class hippocampus segmenta-
tion where a voxel X can belong to any of 'CA1-3’, ’"CA4/DG’ and Subiculum.
Following [5], our goal is to find a labeling f that assigns each voxel X 2 X a
label f, 2 L and, jLj > 2, where T is both piecewise smooth and consistent with
the observed data. Any labeling T can be uniquely represented by a partition of
image voxels, V = Vijl 2 L where V; = x 2 V jf, = | is a subset of pixels assigned
a label |. Hence, Eq. 4 can be rewritten as:

X X<
pac(Ay) = Bpaco(fe; fy) + paco(fy) Rpae(f:)  (5)
reX,ycNe(x) r€X

where pac(Ay) is the energy of the labelling . The knowledge acquired from
the 3D UNet [9] is included into the energy function of the 3D graph cut al-
gorithm in order to achieve precise segmentation. The 3D probability map is
obtained from the last convolutional layer for each image. This map is then used
to determine the probability, denoted as Pr(f,)yn, of any voxel X belonging to
label .. The 3D UNet calculates a regression function that maps the voxels of a
3D input to a 3D voxel-wise probability map. This is denoted as P : R3 ¥ (0; 1),
and it assigns a value between 0 and 1 to each voxel. Additionally, this proba-
bility map is used as an automated seed required by 3D graph cut algorithm.
With this, we now explain the smoothness and data term in the context of multi
label problem as follows. As mentioned in [12], Bpgc(fs; Fy) is a product of four
components as shown below-

—( ('x2 'Zy)2 ) 1 1
d(x;y) X ¥Y)pcc

Bpeo(fe: fy) =K,y € (6)

where d(X;y) represents the Euclidean distance between two voxels X and y
having intensity values I, and I, respectively. The term K, ,) is based on the
probabilities of X and y to have the labeling f, and f, and is mathematically
represented as:

Key =1 JPr(f)un  Pr(f)un] (7)

where f, = f,. The factor is the standard deviation of voxel intensities of
the image [19]. The term (X;Y)pgc denotes the sum of differences between
probabilities of neighbouring voxels X and y to belong to f, and f, where f, & f,,.
This can be expressed as:

X Y)pcc =jPr(f, = Jun Pr(f,= )unij

HPE(E = Jon Pr(F = o] a

where ; 2 L. The data term Rpgco(f,) is dependent on the probability map
of UNet as shown below-

Rpce(f:) = InPr(f, = )un 9)
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a-3 Swap As mentioned in Boykov et al.’s article [5], segmenting a binary
image is possible in polynomial time using graph cut. But if the number of
labels is more than 2 (as in our case), finding exact solution becomes an NP-
hard problem. Therefore, Boykov et al. proposed two types of moves based on
minimal graph cuts - -expansion move and - swap move. A standard move
means changing the label of a single vertex (voxel in our case). We now discuss
how and why we modify the optimization function of - swap moves. The
choice of which type of move to select depends on whether the smoothness term
of the energy function is a metric or a semi-metric [5]. If the smoothness term

is metric, -expansion can be used, otherwise - swap move needs to be used.
For a function V ( ; ) to be metric, it has to satisfy the following constraints:
L.V(; ). =

22V(; )=Vv(;) 0
3V(C5 ) V(i )+V(; )

for any labels ; ; 2 L [5]. If V( ; ) satisfies only the constraints (1) and
(2) but not (3), then it is called a semi-metric. We have chosen - swap moves
to optimize our energy function, as our smoothness term (Bpgc(fs;fy)) is a
semi-metric. We explicitly show in the appendix that the smoothness term is
indeed a semi-metric.

Deep learned a-3 Swap If a move from a partition V; to a new partition V,
has labels ; , then V/ =V, for all labels | & ; . Thisis known asa - swap
[5]. So, the only thing that’s different between V; and V' is that some voxels that
were labeled as  in V; are now labeled as , and the other way around. The
main idea is to use graph cuts to separate all  voxels from voxels one by one.
Each time through the algorithm, the mix will be different. The program
will keep going through all the possible combinations until it converges with the
minimum energy. The algorithm is guaranteed to converge in O(V) time, but
when there are a lot of vertices, the whole segmentation process takes a long
time.

As reported in [5], segmenting a 384 288 image with swap takes 35
seconds. In our case, the image size is 182 218 182 which is far greater than
the images used in [5]. Hence, there is a dire need to optimise the move algorithm
to speed up the overall segmentation.

For this, we turn to Pseudo-Boolean optimization techniques used in [6]. As
mentioned in [6], we encode the moves of the swap algorithm as a vector
of binary variables t = t;;8; 2 V. t; = 0 means the label of voxel i changed to
and t; = 1 means the label changed to . The transformation function T (f¢; t) of
a move algorithm takes the current labelling ¢ and a move t and returns a new
labelling f™ that has been induced by the move. The transformation function
Top() for an swap transforms f¢ as

8
=2ff ifff6 and fF6&

f=Tup(f 1) = -+ ifff= or andt;=0; (10)
T, ifff= or andt, =1
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If the current labelling f{ is neither nor , we don’t change it. The energy of
the move t is the energy of labelling ™ that the move t induces, i.e., E,,(t0 =
E(T (f°mt)). Further details about the pseudo boolean energy of the swap move
can be found in Sec. 3.3 of [4].

We modify Eq. 10 by adding the label probability information derived from
UNet as follows-

8
e, ifff6& and P 6
% iffe= or ;4 =0;[Pr(f,= ) Pr(f,= )> ]
P=T5t)=_; ;or[Pr(f,= ) Pr(f,=)<@ )l

ifff= or ;t,=L[Pr(f,= ) Pr(f,= )> ]
Ty s ofPr(fo=) Pr(fo= )<@ )

(1)

We added two more constraints when deciding the new labelling to be or .

We wanted the confidence of the UNet model to decide whether a label should be

swapped or should be kept the same. We define confidence of prediction as the

difference between the probabilities of a voxel to have label and ,i.e. [Pr(f, =

) Pr(f, = )]. Generally, a model is said to predict a label (say ) with high

confidence if the probability of the voxel to belong is much higher than that

of the voxel to belong to another label (say ), ie., if[Pr(f, = ) Pr(f,= )]

> or[Pr(f,= ) Pr(f,= )< (@ )] where is some threshold. So, if

for any voxel i, [Pr(f, = ) Pr(f; = )] > and ff, the current label of i

is either  or , then the label of voxel i will be changed to . Similarly, the

decision to change a label to  if the confidence of the UNet model for that voxel
to have label is greater than

2.3 Deep Learned Shape Information

In this section, we first discuss what is the significance of addition of a shape term
in HC segmentation, then we briefly mention the importance of adaptive shape
term and how the incorporation of UNet’s probability map helps in creating an
adaptive shape term suitable for 3D HC segmentation.

Need of an Adaptive Shape term In cases where images are affected by
substantial noise and intensity variations, the necessity for a shape prior can vary
across different pixels. Consequently, assigning a uniform weight to the shape
prior term for all pixels may not be suitable. In our case, 3D MRI images do
suffer from noise and intensity variations and in many places the HC and non HC
region of the brain has very low contrast as shown in Fig. 1. Segmentation tasks
use the adaptive shape term to selectively impose shape constraints based on
pixel labeling difficulty to give flexibility and local adaptation. This adaptability
allows the system to modify shape prior strength based on local image properties,
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Fig. 1. A sagittal slice view of a brain MRI showing the hippocampus bounded in red.
The region marked in yellow shows that the contrast is less between hippocampus and
its surrounding region which poses a challenge in segmentation.

applying shape restrictions where they are most useful. The adaptive shape term
dynamically adjusts shape priors based on image intensity, resulting in more
accurate and context-aware segmentation results [33].

Improved Adaptive Shape Term with UNet We improve Wang et al.’s
[33] adaptive shape prior formulation using learned information from 3D UNet.
Following their approach, we add to the smoothness term Bpac(X;Y), a shape
term of the form Spgco(X;y) with  as the shape weight. Note that the authors in
[33] defined = e~ (Pr@=Pr®)* Pr(k) is the likelihood of a pixel k belonging
to the foreground. They determined this likelihood by using an unsupervised
technique like applying Gaussian filter.

Unlike in [33], where the authors used 2D images and performed binary
segmentation, we deal with 3D images and multi-class segmentation in this work.
So we redefine  as:

= e (Pr(f)—Pr(fy)? (12)

where, Pr(f;) denotes the likelihood of voxel k to have labelling fi. Further,
P r(f) is obtained from the probability map of UNet as mentioned in Sec. 2.1.
This ensures that we have better probability values than that obtained from
using unsupervised techniques, as in [33].
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The shape term, Spae, can be formulated as the unsigned distance function
(as used in [16]) of the segmentation obtained after thresholding probability map
P. Let the segmentation obtained by thresholding P is G with a threshold value

of . Then,
X +
Spcc = ¢ > Y (13)

where, g : W3 ¥ R is the distance function on G and is such that ¢ =
X 2R3 : (X) = 0; ¢ being the set of points that form the boundary of the shape.
Tty

The energy will be low if ¢ “=* 0 for all neighboring voxels X and y and

T, & f,. If a voxel X lies near the shape template, then it will satisfy (x) 0.

Since, %ﬂ’ is roughly a point on the boundary of the segmented object, the
condition for Spgc to be small is the same as the condition that the boundary

of the segmented object lies near the shape template.

2.4 Shape driven Multi-class Deep Graph Cut

We started with Eq. 4 which is the deep graph cut for energy function for binary
segmentation. Then we modified it to adapt to multi class segmentation in Eq.
14. We then modified the - swap moves using information from UNet as
described in Sec. 2.2. We compute the data term Rpgo(Ff.), smoothness term
B (fe; Ty) and Finally, after incorporating the two terms described in the
previous section and shown in Eq. 12 and Eq. 13 in the energy function of multi
class deep graph cut (Eq. 5), we get the final energy function for Shape induced
Multi class Deep Graph Cut (SMDGC) method as shown below-
>
SMDGC = Bpac(fz; f)) + Spge+
zeX,yeNe(x), fxF#fy

pac (F2) Rpce (f2)
rzeX

(14)

The algorithm for our overall workflow is shown below in Algorithm 1 followed
by a discussion on its time complexity-

2.5 Analysis of Time-complexity

The alpha-beta swap algorithm, used for multi-label graph cuts, iteratively op-
timizes the graph G = G(V; E) by swapping labels between pairs ( ; ) to min-
imize the energy function. The time-complexity of this algorithm is influenced
by factors, such as, the number of labels, the number of pixels (or nodes), and
the underlying max-flow algorithm used. The time-complexity analysis of the
proposed SMDGC algorithm is as follows:

1. Max-flow Computation: The time-complexity of each max-flow computation
depends on the specific max-flow algorithm used. We have used Edmond
Karp’s approach [14] in the Ford-Fulkerson algorithm [15], where augmenting
paths are computed using the Breadth First Search. It has a time-complexity
of O(V E?).
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Algorithm 1: SMDGC

Input: 3D UNet model M trained on training set of the data, Graph G
represented as a 3D grid of voxels
Output: G,ut with desired segmentation and same dimensions as G
1 Compute data term Rpgc(fz) for each voxel in x € G as shown in Equation 9
2 Compute smoothness term Bpcc(fz, fy) for each voxel z and its neighbor
y € Ne(z) in G as shown in Equation 6
3 Compute n and Spgc as shown in Equations 12 and 13 respectively
4 Compute the modified transformation function for optimizing the number of
a-f swap moves using Equation 11.
5 Compute the final energy function using Equation 14, perform Graph cut and
store the result in Gou:.
6 return G,y

2. Number of Labels: The alpha-beta swap considers all pairs of labels. So, the
number of iterations is proportional to £ o= M, which is O(L2), where

2 2
L denotes the number of labels.

Combining the two factors, we can say that the time-complexity of our algorithm
is O(L2V E?).

3 Experimental Results

In this section, we first describe the dataset used for the experimentation. Nec-
essary details of the parameters, and, hyperparameters used, are provided next.
To showcase the significance of different components of our solution, we then
present a number of ablation studies. Finally, we show performance comparisons
with several state-of-the-art approaches.

3.1 Dataset

We have used a publicly available 3D MRI dataset, described in [18]. We hence-
forth abbreviate this Kulaga-Yoskovitz dataset as the KY dataset. It comprises
25 healthy adult subjects aged between 21 and 53 years, with a mean age of
31:2 7:5 years and a male-to-female ratio of 12 : 13. The data were acquired
using a 3T Siemens Tim Trio MRI scanner equipped with a 32-channel head
coil. Submillimeter T1 and T2 images were obtained for all participants. The 3D
MPRAGE T1 image had a spatial resolution of 0:6  0:6  0:6mm? (isotropic
voxel size). The matrix size was 336 x 384, with a field of view (FOV) of 201
mm x 229 mm and 240 axial slices at a slice thickness of 0.6 mm. The T2 image
was acquired using a 2D turbo spin-echo sequence with a matrix size of 512 x
512, an FOV of 203 mm x 203 mm, and 60 coronal slices angled perpendicular
to the hippocampal long axis, with a slice thickness of 2 mm, resulting in a voxel
size of 0:4 0:4 2:0mm?>. The manual segmentation protocol for this dataset
categorized the hippocampus into three labels: subiculum (SUB), a combination
of CA1, CA2, and CA3 (CA1-3), and a combination of CA4 and DG (CA4/DG).
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3.2 Preprocessing

We preprocessed the data using the steps described in [22] that included cropping
along the HC area and data augmentation by left - right flipping. Finally, we
got 50 samples having 100 axial slices with the length and breadth same as
mentioned earlier for T1 and T2 images. Since, the number of samples is less,
we did 5-fold cross validation to assess the results.

3.3 Experimental settings

We implemented our 3D UNet network in PyTorch [25]. The training process
was executed on a HP-Z640 workstation having Intel Xeon processor with 14
Cores, a Random Access Memory (RAM) with capacity of 128GB along with
a dedicated graphics processor unit (GPU) of 24GB with model name NVIDIA
Titan RTX. The network is trained for 100 epochs with initial learning rate of
0.0001, weight decay of 0.00001 and mini-batch size equal to 2 samples. We have
used Adam Optimizer and dice loss in the process. Our energy function does
not have any parameters that need to be set manually, as all the information is
being provided by a trained UNet model. The only parameter , which is used
for thresholding the UNet probabilities to create a segmentation (as described
in Sec. 2.3) is set to, 0:5 which is the most common value as mentioned in [34].

We have used Dice score [13] as the metric to compare the segmentation
performance, as this was the metric used by most other works on segmentation
[29, 37, 20].

3.4 Ablation Studies
As mentioned earlier, we present three ablation studies for providing a better

understanding of our solution. Table 1 shows the results of our first ablation

Table 1. Ablation Study I: Comparison of segmentation performance of multi-class
graph cut, multi-class UNet, and the proposed method. Mean Dice Score of each com-
peting approach over all three classes are reported. Best values are shown in bold.

Method Dice Score
Multi-class Graph Cut| 0.64000 £+ 0.073
Multi-class UNet 0.82000 4 0.047

SMDGC (Ours) 0.91467 £ 0.009

study. Here, we demonstrate the improvement our model brings over baseline
multi-class graph cut and multi-class UNet, applied in isolation. In Table 2, we
first show the performance of DGC [12] for multi-class segmentation, by adding
to it traditional - swap. It is then demonstrated how the execution time
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Table 2. Ablation Study II: Impact of deep learned a- swap on the segmentation
performance. Mean Dice Score of each competing approach over all three classes are
reported. Best values are shown in bold.

Method Dice Score |Time (in secs)

DGC [12] with a-3 swap 0.88230 + 0.032 15

DGC [12] with deep learned a-§ swap|0.89860 + 0.008 8

improves due to optimization of - swap strategy using learned information
from UNet. The computation time improves drastically improves by almost 50%
when we use modified - swap. DGC with normal - swap takes on average
15 seconds to segment one 3D sample, whereas, the modified - swap achieves
the same goal in 8 seconds. A slight improvement in the segmentation accuracy
can also be noticed as more informed decision is taken to change a label during a
move due to the confidence of UNet incorporated into the optimization strategy
(Eq. 11).

Table 3. Ablation Study III: Impact of deep learned shape on segmentation perfor-
mance. Mean Dice Score of each competing approach over all three classes are reported.
Best values are shown in bold.

Method Dice Score

Graph cut with adaptive shape term [33]| 0.85297 £ 0.026
SMDGC (Ours) 0.91467 + 0.009

We then analyze the impact of a shape term in a graph cut setup through
Table 3. The first row shows the results, where an adaptive shape term is used but
without deep learning. For that, we re-implement [33] and add - swap moves,
as that work was originally developed for binary segmentation. We compare the
performance of this method with ours, where we have employed deep learned
shape information (Eq. 14). The values of the Dice Scores clearly illustrate the
benefits of a deep learned shape information.

Qualitative comparisons of different strategies used in the three ablation
studies are shown in figure 2. We only include the second method of Table 2
as the improvement there is more in terms of execution time to achieve desired
segmentation, rather than the segmentation accuracy per se. In Fig. 2, the visual
improvements in segmentation performances clearly corroborate the quantitative
results. We specifically highlight how multi-class UNet and graph cut with adap-
tive shape term suffers from over segmentation of CA1-3 and SUB, as shown in
the yellow boxes of the sagittal slices. DGC with modified - swap also finds
it difficult to decide among the CA1-3 and SUB, as shown in the yellow box






