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3D hippocampal segmentation based on spatial and frequency
domain features adaptive fusion and inter-class boundary
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[ Abstract] Objective Hippocampal atrophy is a clinically important marker for the diagnosis of many psychiatric
disorders such as Alzheimer’ s disease, so accurate segmentation of the hippocampus is an important scientific issue. With
the development of deep learning, a large number of advanced automatic segmentation method have been proposed.
However, 3D hippocampal segmentation is still challenging due to the effects of various noises in MRI and unclear
boundaries between various classes of the hippocampus. Therefore, the aim of this paper is to propose new method to
segment the hippocampal head, body, and tail more accurately. Methods To overcome these challenges, this paper
proposed two strategies. One was the spatial and frequency domain features adaptive fusion strategy, which reduced the
influence of noise on feature extraction by automatically selecting the appropriate frequency combination through fast Fourier
transform and convolution. The other was an inter-class boundary region enhancement strategy, which allowed the network to
focus on learning the boundary regions by weighting the loss function of the boundary regions between each class to achieve

the goal of pinpointing the boundaries and regulating the size of the hippocampal head, body and tail. Results
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Experiments performed on a 50-case teenager brain MRI dataset show that our method achieves state-of-the-art hippocampal

segmentation. Hippocampal head, body and tail had been improved compared to the existing method. Ablation experiments

demonstrated the effectiveness of our two proposed strategies, and we also validated that the network had a strong

generalization ability on a 260-case Task04 _Hippocampus dataset. It was shown that the method proposed in this paper

could be used in more hippocampal segmentation scenarios. Conclusion

The method proposed in this paper can help

clinicians to observe hippocampal atrophy more clearly and accomplish more accurate diagnosis and follow-up of the

condition.
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Fig.1 Overview of the proposed framework, which containing spatial and frequency domain features adaptive fusion module ( SFAF) and inter-
class boundary region enhancement strategy (CBRE)

A, The backbone of the network is 3D U-Net with added deep supervision mechanism; B, Spatial and frequency domain features adaptive fusion
module, this module consists of three branches, the top is the input feature retention branch, the middle is the spatial domain feature extraction
branch, and the bottom is the frequency domain feature extraction branch; The features from the middle and bottom branches are adaptively fused
by the learnable parameter o, and then summed with the top branch to obtain the final output features; C, Inter-class boundary region
enhancement module, the bottom layer represents the binary labels of each class transformed from ground truth, the middle layer represents the

expanded binary labels of each class, and the top layer represents the intersection of every two expanded binary labels and then the union of

.75 .

them; CONV, Convolution; IN, Instance normal; LR, Leaky relu; FFT, Fast Fourier transform; IFFT, Inverse fast Fourier transform
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Table 1  Quantitative comparison of hippocampal segmentation results achieved by tested methods on teenager brain MRI dataset(x+s)
; 353k EXETIN 2
hippocampus head hippocampus body hippocampus tail
methods
DSC HD95 DSC HD9Y5 DSC HD9Y5

3D U-Net 0.8555+0.0186 " 1. 8481+0.3253 " 0. 8265+0.0188 " 1.5034+0.2179 " 0. 8349+0. 0203 * 1.2142+0. 1132
ResNet-VAE 0. 8546+0. 0170 " 1. 6861+0. 2667 0. 8227+0.0320 " 1.5231£0. 3401 " 0. 8240+0. 0250 * 1.9204+1. 3742
Dense-Net 0.8541£0. 0245 " 3.2027+3. 4853 0. 8273+0. 0257 * 1.8521+1. 1984 0.8343+0.0183 " 2.5614+2. 6395
3D-UCaps 0.8546+0.0148 1.5840+0. 1571 * 0. 8274+0. 0228 " 1. 4052+0. 3602 0. 8021+0.0315 " 1.3237£0. 1519
APAUNet 0. 8658+0. 0125 " 1. 4780+0. 1133 0. 8373+0. 0088 * 1.3323+0. 1227 " 0. 8425+0. 0239 1. 1811+0. 2403
VT-UNet 0.8641+0.0125" 1.4992+0. 2159 0.8416+0. 0157 * 1.2041+0. 1185 0. 8447+0. 0171 1. 1322+0. 1251
UNETR 0. 8604+0. 0285 1.4536+0. 6105 0. 8388+0. 0203 " 1.5934+0. 7425 0. 8384+0. 0257 * 1.5119+0. 7643
PANet 0.8676+0. 0108 * 1. 5656+0. 2337 0. 8444+0.0167 * 1.2478+0. 1486 0. 8451+0. 0239 " 1.0939+0. 0958
Ours 0. 8868+0. 0097 1.3370+0. 1815 0. 8639+0. 0151 1. 1422+0. 0586 0. 8582+0. 0151 1. 1669+0. 0390

SERLRCA ¢ RS UESCTA 1077 v 3 L T HA ok, + P<0. 05

Our method significantly outperforms others, * P<0.05

F 2 RS AT HA TR T HEE Y TR (x£5)

Table 2 Ablation experiments analyzing the contribution of our proposed strategies(x+s)

; (FEEPS g ik g th e
itk . . . .
hippocampus head hippocampus body hippocampus tail
methods
Dsc HD95 DSC HD95 DSC HD95

Baseline 0. 8555+0. 0186 1. 8481+0. 3253 0. 8265+0. 0188 1. 5034+0. 2179 0. 8349+0. 0203 1.2142+0. 1132
W/ SFAF 0.8731+0.0171 1. 5370+0. 2183 0.8413+0.0114 1. 3641+0. 2158 0. 8461+0. 0329 1.2761+0. 2133
W/ CBER 0. 8712+0. 0145 1. 7447+0. 3591 0. 8442+0. 0091 1.3021+0. 1850 0.8481+0.0110 1. 1887+0. 0369

1

Ours 0. 8868+0. 0097 1.3370+0. 1815

0. 8639+0. 0151

1. 1422+0. 0586 0. 8582+0. 0151 . 1669+0. 0390

BB 1 T 5 R R ARAR A I (7 22)

Values are the mean(stdev) obtained over five-fold cross-validation.



. 78 . f# il

g

il 554,11

N FFHY Task04_Hippocampus Z0H8 5 #5477 5L,
SCYEER WL 5 MK 28,
5. SKIGURTS

TR FH— A L% NVIDIA GeForce RTX 3090
GPU BYTTEAL, 3 14 Pytorch HEZLXTH2 H 1) 7 2%
fromB il 2, A Adam O0AG AR SR ALE  f 2

AIRIARAE R 0. 01 K AUCH Y R IS N 1e-4, %
A RBEEA AT
Ir = base,, + (1 - epoch,, /epoch,,,) (18)

Hrp e AEUGER TS AY2% 2 & base_Ir A
WG %22, epoch,,, JHHTIIZEIKREL, epoch,,,
H NGB ARIE, M YIZR T 9000 Yk, 4
UGERINZRA i /N R 10, B 200 Y& A H 5
WESEIEA TN, DAL B8 o8 55 Y Dice A5,

12 gt

TEF/DAE KNG MRI ZH8 48 L i 17 % b S 5 1
EEEREI AT RS 8 FORR B I ki fT T
W, 7RI 5 3k K B 43 %1 o 0. 8868 + 0. 0097,
0. 8639+0. 0151 F1 0. 8582+0. 0151 AYIHEM T, 3545
TR ABAENEER, 5ERA 3D U-Net E22E&
Ay EIRERUA Eb , FRATTAY 7 i 5 2 Sk AR A R
) DSC 43R T 3. 12% 3. 75% M1 2. 33% , 5
Y EIR E MRS TR R T AT AR Sk |
T 3 BIBE L, Ee ks R 2T
DLE M, AT B A4 A 53k R R ITE
BRF/N LA T 5 I TAR BT 4528 i H
TE 3 M0 B IR A3 B0 R T s
B, XA PR B A ] LS v ff o L850 T S Ak
FRIEA R TR R RN, DLl 8 HZE 40 1%

3 TSNS DGR SR PR [A) K B A3 HISE R (os)

Table 3 Segmentation results under the different number of kernels K, in our inter-class boundary region enhancement strategy ( x+s)

TETE ¥ 5 14
K, hippocampus head hippocampus body hippocampus tail
DSC HD95 DSC HD95 DSC HD95
1 0. 8731+0. 0171 1.5370+0. 2183 0.8413+0. 0114 1.3641+0. 2158 0. 8461+0. 0329 1.2761+0. 2133
2 0. 8868+0. 0097 1. 3370+0. 1815 0. 8639+0. 0151 1. 1422+0. 0586 0. 8582+0. 0151 1. 1669+0. 0390
3 0. 8767+0. 0127 1.4527+0. 1555 0. 8620+0. 0114 1. 1409+0. 0730 0. 8522+0. 0195 1.1276+0. 1073
4 0. 8738+0. 0120 1. 4240+0. 2180 0. 8549+0. 0088 1. 2181+0. 0760 0. 8536+0. 0085 1. 1176+0. 0636
5 0. 8730+0. 0151 1. 4691+0. 2073 0. 8506+0. 0148 1.2170+0. 0950 0. 8516+0. 0183 1. 1204+0. 0970
4 ArZE0R] A DX R S AR A E T B9 FIAE R (x2s)
Table 4 Segmentation results under the different number of A in our inter-class boundary region enhancement strategy (x=+s)
53k HTEEEN =)
A hippocampus head hippocampus body hippocampus tail
DSC HD95 DSC HD95 DSC HD95
0 0.8731+0. 0171 1.5370+0. 2183 0.8413+0.0114 1.3641+0. 2158 0. 8461+0. 0329 1.2761+0. 2133
0.5 0. 8802+0. 0117 1. 3709+0. 1441 0. 8587+0. 0070 1. 1612+0. 0618 0. 8565+0. 0209 1. 1427+0. 0946
1 0. 8868+0. 0097 1.3370+0. 1815 0. 8639+0. 0151 1. 1422+0. 0586 0. 8582+0. 0151 1. 1669+0. 0390
2 0. 8691+0. 0160 1. 5427+0. 2538 0. 8521+0. 0107 1.2002+0. 0753 0. 8593+0. 0096 1.0979+0. 0387
3 0. 8786+0. 0143 1. 4457+0. 2723 0. 8604+0. 0101 1.2002+0. 1459 0. 8575+0. 0153 1. 2026+0. 1430
# 5 1E Task04_Hippocampus 44 _F 13 0 73 H1 45 1 (14 78 Bt HUEL (as)
Table 5 Quantitative comparison of hippocampal segmentation results achieved by tested methods on
Task04_Hippocampus dataset (x+s)
; T Lh R 5
ik hippocampus anterior hippocampus posterior
methods
DSC HD95 DSC HD95

3D U-Net 0. 8733+0. 0039 * 1.3707+0. 0533 * 0. 8645+0. 0020 * 1.3515+0. 0530
ResNet-VAE 0. 8774£0. 0064 * 1.6083+0. 1517 * 0. 8634+0. 0024 * 1.5232+0. 0967 *
Dense-Net 0. 8738+0. 0028 * 2.0864+0.3194 " 0. 8598+0. 0109 1. 4912+0. 1962
3D-UCaps 0. 8809+0. 0017 * 1. 4198+0. 1303 0. 8635+0. 0028 * 1. 3565+0. 0672
APAUNet 0. 8744+0. 0052 " 1. 4958+0. 0833 * 0. 8606+0. 0025 * 1. 4698+0. 0653 *
VT-UNet 0. 8689+0. 0056 * 1. 4443+0. 0665 * 0. 8563+0. 0039 * 1.4119+0. 0442 "
UNETR 0. 8720+0. 0039 * 1.5318+0. 0987 * 0. 8597+0. 0051 * 1.4843+0. 1235 "
PANet 0. 8818+0. 0020 * 1.3384+0. 0293 * 0. 8673+0. 0014 * 1. 3270+0. 0672
Ours 0. 8917+0. 0025 1.2873+0. 0119 0. 8734+0. 0017 1.3029+0. 0578

B ¢ M BE S TR 77 i E LT HAL T8, * P<0. 05
Our method significantly outperforms others, * P<0.05
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Fig.2 Qualitative results of hippocampal segmentation, the top and bottom rows indicating two different viewing perspectives (front and back)

A, Qualitative comparison of hippocampal segmentation results achieved by tested methods on our Teenager Brain MR dataset; B, Examples showing

the impact of using SFAF and CBRE; C, Visual results for different number of K, in our inter-class boundary region enhancement strategy; D, Visual

results for different number of A in our inter-class boundary region enhancement strategy; E, Qualitative comparison of hippocampal segmentation

results achieved by tested methods on Task04 _Hippocampus dataset;a, Ground truth; b, Baseline; ¢, Baseline+SFAF; d, Baseline+CBRE; e,

Baseline+SFAF+CBRE; f, Ground truth; g, K,=1; h, K,
p, A=2;q, A=3
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Fig. 3 Validation performances of the different number of K, and A in our inter-class boundary region enhancement strategy

Al, DSC and mean values of hippocampal head, body and tail with different K, values; A2, HD95 and mean values of hippocampal head, body

and tail with different K, values; A3, ASD and mean values of hippocampal head, body and tail with different K, values; B1, DSC and mean

values of hippocampal head, body and tail with different A values; B2, HD95 and mean values of hippocampal head, body and tail with different

A values; B3, ASD and mean values of hippocampal head, body and tail with different A values; DSC denotes Dice similarity coefficient, which

measures the degree of overlap between the real label and the predicted segmentation results; HD95 denotes Hausdorff 95 distance, which

measures the maximum difference between the two target boundaries; and ASD denotes the average surface distance, which is used to compute the

average surface distance from the predicted segmentation results to the real labels; 1, Hippocampal head; 2, Hippocampal body; 3, Hippocampal

tail; 4, Average value
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